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Abstract

Population cycling is a widespread phenomenon, observed across a multitude of taxa in both
laboratory and natural conditions. Historically, the theory associated with population cycles was
tightly linked to pairwise consumer-resource interactions and studied via deterministic models,
but current empirical and theoretical research reveals a much richer basis for ecological cycles.
Stochasticity and seasonality can modulate or create cyclic behavior in non-intuitive ways, the
high-dimensionality in ecological systems can profoundly influence cycling, and so can demographic
structure and eco-evolutionary dynamics. An inclusive theory for population cycles, ranging from
ecosystem-level to demographic modeling, grounded in observational or experimental data, is there-
fore necessary to better understand observed cyclical patterns. In turn, by gaining better insight
into the drivers of population cycles, we can begin to understand the causes of cycle gain and
loss, how biodiversity interacts with population cycling, and how to effectively manage wildly

fluctuating populations, all of which are growing domains of ecological research.



“The affair runs always a similar course. Voles multiply. Destruction reigns. [...] The
experts advise a Cure. The Cure can be almost anything: [...] a Government Commission,
a culture of bacteria, poison, prayers denunciatory or tactful, a new god, a trap, a Pied
Piper. The Cures have only one thing in common: with a little patience they always work.
They have never been known entirely to fail. Likewise they have never been known to
prevent the next outbreak. For the cycle of abundance and scarcity has a rhythm of its
own, and the Cures are applied just when the plague of voles is going to abate through its
own loss of momentum.”

— Charles Elton (1942). Voles, Mice and Lemmings: Problems in Population Dynamics
Clarendon Press, Oxford.

Introduction

Almost a century after the publication of Elton’s seminal paper on population cycles (Elton, 1924),
we now understand and can recognize many different causes of oscillatory behavior (Kendall et al.,
1999; Turchin, 2003). While much of this progress has centered on well-understood consumer-resource
dynamics, ongoing research continues to reveal additional areas where our knowledge is far from com-
plete (Fig. 1). As new theoretical and empirical insights combine to reveal the diversity of drivers and
modulators of cycles, we are rapidly moving beyond simple pairwise interactions toward an exciting
and integrative understanding of cyclic dynamics.

Ecologists often cultivate multiple working hypotheses, and weight their relative likelihoods accord-
ing to the data available (e.g., Kendall et al., 2005). That hypotheses will become more or less likely
over time, as a function of the data collected, is therefore well accepted. However, less attention is
perhaps given to the role of mechanistic models in shaping our trains of thought. For instance, Elton
believed that cycles were likely to be created by climatic oscillations (Elton, 1924); until presented
with alternative models by Lotka and Volterra showing the possibility of intrinsically generated os-
cillations (Kingsland, 1995). Additionally, spatial gradients in cycle amplitude and periodicity were
longed viewed as emerging from spatial variation in the strength of biotic interactions, due partly to
convincing mechanistic models (Turchin & Hanski, 1997; Klemola et al., 2002; Begon et al., 2006).
However, new mechanistic models (Taylor et al., 2013b) now bring back the effect of abiotic factors
into fashion, through seasonal forcing of vital rates (see Bjornstad et al., 1995, for an early discussion
of explanations of cycle gradients). Thus, broadening the set of mechanistic models that explain how
cycles may arise or be modulated, either by incorporating empirical insights or using new mathematics,
greatly enhances how we think about causal mechanisms. We therefore suggest that the theory on
population cycles will benefit from branching out of classic consumer-resource theory, a change that is
already under way (Fig. 1).

[ Insert Fig 1]

In the following, we review the modeling literature on what creates population cycles, how cycles
affect ecosystems, and how to manage cycles (Fig. 1). Although there are a number of models that
can enrich the current theory on cycle causation, they can be broadly grouped into three sets: (1)
ecosystem-level or higher-dimensional models, which include a large number of species or ecosystem
compartments that can modulate ecological interactions; (2) models including demographic detail, i.e.,
asking whether cycles are driven by changes in survival or fecundity, age structure, or trait dynamics;
(3) models including stochasticity and other forcings (e.g., seasonal) that can profoundly influence ei-
ther ecosystem-level models or demographic ones. Finally, apart from uncertainties in the mechanisms
causing population cycles, understanding the effects of cycles on ecosystem processes poses its own
challenges for ecology, our fourth theme (Fig. 1). The ecosystem effects can be rather dramatic, as cy-
cles within communities may play a role in biodiversity maintenance (Chesson, 2000). Understanding
the ecosystem-level consequences of cycles is particularly important for populations that historically
cycled but have recently become non-cyclic, and vice versa. Furthermore, many open questions re-
main regarding the response of cyclic populations to environmental changes (Ims et al., 2008) and,



reciprocally, regarding the control of pest outbreaks (Reilly & Elderd, 2014). As we show below, these
questions will almost surely extend beyond the classic consumer-resource paradigm.

The snowshoe hare cycle, an enduring challenge

The snowshoe hare (Lepus americanus), having one of the best empirically and theoretically studied
cycles (Elton & Nicholson, 1942; Royama, 1992), can be used to illustrate how recent advances and
current challenges have grown out of and beyond basic predator-prey theory. Across the boreal forest of
North America, hare populations exhibit 9-11 year fluctuations in abundance (Fig. 2a). The Canada
lynx (Lynz canadensis) is the most important specialist predator of snowshoe hares and its cyclic
dynamics with respect to hare fluctuations have been investigated extensively (O’Donoghue et al.,
1997). Phenomenological models have been fit to lynx-snowshoe hare time series, both in isolation and
together, in an attempt to re-create observed patterns of numerical change (Moran, 1953; Royama,
1992; Vik et al., 2008). They suggest a dynamical link between the two time series (Vik et al., 2008). In
order to elaborate on the classic theory, we briefly recall some basics of a consumer-resource cycle, the
classic mechanism (though not the only one) to create a delayed negative feedback loop on population
size (May, 1973). Much of the “new” theory we are covering in this paper (some of it, e.g., effects
of stochastic forces, is in fact quite old but has been downplayed for a long time - see below) has
connections to such classic consumer-resource models. In a specialist predator-prey cycle (Fig. 2 and
Supplementary Appendix S1), temporary increases in the prey population support a growing number
of predators until over-predation causes both populations to crash, leading to sustained oscillations
of both populations. Such dynamics are commonly modeled using differential equations for the prey
density, N, and the predator density, P, with the following structure:

dN
at f(N) — g(N,P)P (1)
prey functional
pop. growth response
dP
- hg(N,P))P — upP . (2)
—_——— ~—~
numerical predator
response death

The function g is known as the functional response, and describes prey consumption rates as a function
of prey and predator densities, the function A is the numerical response, which describes the conversion
of consumed prey into predator population growth, and p is the predator’s per capita death rate.

[ Insert Fig 2 |

For certain functions h and g, sustained predator-prey oscillations are possible. For instance,
an increasing and saturating functional response g(INV) is responsible for most limit cycles, as in the
Rosenzweig-MacArthur (RM) predator-prey model (Fig. 2 and Supplementary Appendix S1, Rosen-
zweig & MacArthur, 1963; Turchin, 2003).

The lynx-hare cycle is, at first glance, fairly consistent with the RM model, which is a special
case of the consumer-resource framework in Egs. 1-2. However, the RM model fails to accurately
reproduce some important aspects of the data, such as cycle amplitude and hare recovery after a
trough (Fig. 2). Through the years, many mechanistic models have been developed in an effort to
more accurately reproduce hare population cycles, for instance using a seasonal variant of the RM
model, which assumes a “specialist predator pool” (without separating the various predators) that
prey on hares (King & Schaffer, 2001).

The consideration of stochastic effects (e.g., environmental or demographic noise) in addition to the
pairwise interaction suggested early on a role for noise in sustaining the hare-lynx cycle (Moran, 1953;
Nisbet & Gurney, 1976). Using modern statistical methods, including generalized additive models
and nonlinear time series analyses, Yan et al. (2013) found that density dependence and predation
failed to generate sustained hare cycles in the absence of external forcing, but were successful when
climatic effects with both stochastic and deterministic components were added, including variables



such as the North Atlantic Oscillation index (NAO) and the Southern Oscillation index (SOI). These
results suggest that predation is necessary but not sufficient for the appearance of the 10-year cycles.
While the specific role of noise - and environmental forcing more generally - in the snowshoe hare
cycle is debated, the broader lesson is that we are still discovering new ways that stochastic effects
fundamentally alter the occurrence and appearance of cycles (Fig. 1).

Increasing the dimensionality of the system by including different species and trophic levels (Fig. 1,
panel 1) has also lent insight into the drivers of the snowshoe hare-lynx cycle. Earlier statistical analyses
(Stenseth et al., 1997) provided some support for adding dynamics of the hare’s vegetation resource to
the basic predator-prey model, and large-scale food supplementation experiments backed this up by
showing an effect of food on hare densities (the Kluane Lake project, Krebs et al., 2001). However,
as Turchin (2003) highlights, removing the vegetation dynamics from models such as those proposed
by King & Schaffer (2001) changes hare dynamics very little, suggesting instead no significant role of
vegetation. More recent work, involving plant chemical defenses induced by hares, has considered a
new aspect of this additional dimension. Models looking at the effect of hare browsing on resource
quality suggest that induced defenses can suppress the recovery of hare populations from a trough (Liu
et al., 2013). While predation is still the key driver of cycles, this suppression creates a lag that gives
cycles the correct 10-year period (Liu et al., 2013). Other recent work has used higher-dimensional
models to consider whether differences among predator species are significant for hare cycles. Great
horned owls and coyotes have different functional responses than lynx (O’Donoghue et al., 1998) and
raptors, in particular, are likely able to push hare numbers lower than other predators (Hodges et al.,
1999). Tyson et al. (2010) found that the inclusion of several specialist predator populations in a model
could explain the prolonged hare population troughs. In accordance, Krebs et al. (2014) showed, using
empirical data, that variations in the cycle amplitude were related to variations in the number of
predators during hare troughs. By increasing the dimensionality of the system, a more systematic
understanding of this classic population cycle continues to emerge.

Even in the basic two-dimensional system, we are beginning to appreciate how cyclic dynamics
may arise due to changes in the predator’s or prey’s physiology that affect population demography
(Fig. 1, panel 2). The delayed recovery of hare reproduction during the low phase of the cycle may be
attributed to maternal effects. The maternal effect hypotheses proposed that predator-induced chronic
stress, which reduces hare reproduction, remains after predator densities decline (Sheriff et al., 2010;
Krebs, 2011; Sheriff et al., 2011). Stress is propagated into the hare trough (c. 3 years) by maternal
inheritance of high levels of free cortisol. This may explain why hare troughs are so low and why the
cyclic period extends to 9-11 years, although quantitative models incorporating these effects are still
lacking. We note that the best-fitting model of Yan et al. (2013), which included a 2-year delayed
effect of lynx on hare growth, is in line with the maternal effect hypothesis.

The above examples illustrate that even in this well-known system, where the key role of lynx
predation in driving snowshoe hare cycles was written into textbooks decades ago, ongoing, iterative
theoretical development and data analysis continues to transform our understanding of the system.
The mechanisms we introduced through the hare example — stochastic forces, higher dimensionality,
and demographic mechanisms like those that arise due to maternal effects — are general features that
can promote cycles, and each is an active area of research beyond the snowshoe hare system. In the
following sections, we examine in detail these and additional areas that are at the frontier of research
on population cycles.

Zooming out: considering higher-dimensional systems

Most models of cycling populations fitted to data have rather low dimensionality (typically two, some-
times three state variables). While two state variables can be enough to generate cycling, there is
no guarantee that real systems obey this simplicity. In many cyclic systems, several components can
interact to cause cycling. And even when all of these interactions are of the consumer-resource type,
no single interaction alone may be sufficient to explain cycling. For example, natural enemies and
plant defenses can act simultaneously on folivore densities, leading to oscillations that would not result
from either driver alone (Elderd et al., 2013). Similarly, Red Grouse population fluctuations (New
et al., 2009) are thought to be caused by the presence of macroparasites as well as adaptive territorial



behavior by cocks. Knowing when models with more than two state variables are warranted requires
input from both the empirical perspective, to test viable hypotheses, and the theoretical perspective,
to determine when new cycles have the potential to arise from the combination of multiple drivers
(e.g., Ruifrok et al., 2015).

Models for food webs provide further insight into how cyclic populations affect, and are affected
by, other parts of an ecosystem. The combination of several weak consumer-resource interactions
can create dynamic cascades that induce oscillations in distant consumer-resource pairs (Kadoya &
McCann, 2015), and the interaction of multiple oscillating consumer-resource pairs can lead to chaotic
dynamics (Beninca et al., 2009). Increasing bottom-up energy fluxes or interaction strengths in food
webs tends to destabilize population equilibria and induce oscillations (May, 1973; McCann et al., 1998;
McCann, 2000; Rip & McCann, 2011; Fussmann et al., 2014). This so-called principle of interaction
strength (McCann & Gellner, 2012, see Glossary Box 1), sometimes also called principle of energy flux
(Rip & McCann, 2011), turns out to be a generalization of the long known “paradox of enrichment”
in consumer-resource theory that predicts decreased stability at higher nutrient supply to the prey
(Rosenzweig, 1971; Fussmann et al., 2000). By moving beyond pairwise interactions, generalities begin
to emerge that either confirm, in this case, or refute the application of foundational theories to larger
systems. Much remains to be done outside of a food web context, for instance in large competition
webs or with multiple interaction types.

In the case of competitive networks, a mechanism which has long been known to induce cycling
is intransitive competition, that is, competition with rock-paper-scissors (RPS) type of dynamics,
inducing a succession of species in time (May & Leonard, 1975; Huisman & Weissing, 1999; Laird &
Schamp, 2009; Allesina & Levine, 2011). Although the empirical evidence for such cycles is weak (but
see Sinervo & Lively 1996, in a behavioral genetics context), cycles induced by succession of various
types, with a mechanism very similar to the RPS cycle, have recently been evidenced by Beninca et al.
(2015) in an rocky intertidal community.

To embrace the ecosystem-level context, time series spanning multiple species and environmental
variables (e.g., Krebs, 2011) are crucial for identifying the true dimensionality of ecological fluctuations
(Abbott et al., 2009). The benefits of collating multispecies time series for elucidating mechanisms can
already be seen by stepping from two to three dimensions. For example, for systems with intraguild
predation (IGP), cyclic dynamics may occur across multiple trophic levels (Holt & Polis, 1997). How
does one decipher whether IGP promotes cycles? In classical predator-prey theory, the predator follows
the prey with approximately a quarter-phase lag. IGP theory predicts that peaks of the intermediate
and top predator should fall on either side of a quarter phase lag (Hiltunen et al., 2013), with the IG
predator peak always preceding the top predator peak; Hiltunen et al. (2013) empirically validated
these rich predictions about the sequence of peaks. Thus models with more dimensions introduce costs
in terms of number of parameters, but also opportunities to better falsify/confirm models with data
through refined predictions.

The analytical treatment and visualization of high-dimensional models, above 3 dimensions, can
present significant difficulties. Special techniques may be used to reduce the dimensionality of complex
models to a more tractable number (typically 2, Indic et al. 2006), by approximating some aspects of the
dynamics. They usually involve projecting the high-dimensional model onto a plane or manifold so that
the cycle can be represented using reconstructed coordinates in the new plane. The two-dimensional
projection uses new variables (Ives & Jansen, 1998), and the overall procedure has similarities with
classical approaches such as principal component analysis and eigenvalue decomposition. Though the
techniques are not new, they have rarely been applied to population cycles (but see Ives & Jansen,
1998; Ripa & Ives, 2003) and represent a promising avenue for future research. In molecular biology,
models for oscillators can be remarkably complex (e.g., including up to 73 differential equations for the
circadian clock), and efficient model reduction techniques have been developed (Indic et al., 2006); such
tools could be of use to ecologists to represent large systems. A natural case occurs when the dynamics,
past the transients, involve a low-dimensional attractor to which the system eventually converges.
Depending on the particular model structure, other approximations may be more appropriate (e.g., if
the structure is quite modular, one could study simple modules and their arrangement, Bascompte &
Melidn 2005).



Zooming in: the influence of demography and trait evolution

Stage structure, changes in vital rates and interactions between stages

Demography has long been known to affect population cycling, and such influences are threefold. First,
the simple fact that there is some structure in the population - groups that differ in their reproduction
and survival rates - can help create or amplify cycles. In a now-classic paper, Murdoch et al. (2002)
contrasted short-period or cohort cycles - that are typical of intraspecific, relatively direct density
dependence - with longer-period cycles that arise from the feedbacks in pairwise consumer-resource
interactions (see Box 2). Cohort cycles, that emerge from age or stage structure, are believed to
represent more than 50 % of all observed population cycles (Murdoch et al., 2002), which motivates
the development of stage- and size-structured theory (de Roos & Persson, 2013).

Second, mechanisms for cohort and consumer-resource cycles need not be fully separated, but can
co-occur, or even interact and induce rich dynamical behaviors. For instance, McCauley et al. (2008)
experimentally demonstrated co-existing attractors in Daphnia-algal systems with adult-driven cohort
cycles (see Box 2 for a typology of cohort cycles and de Roos & Persson 2013). Co-existing attractors
can occur when the resource has logistic growth (unlike in Box 2), and not only occur due to population
structure in the consumer, as shown by McCauley et al. (2008), but also due to structure in the resource
(Wearing et al., 2004). The effects of age and stage structure interact most strongly with consumer-
resource interactions in cannibalistic systems, where consumer and resource belong to the same species.
Increasing cannibalism usually destabilizes populations and promotes oscillations (Costantino et al.,
1997), though in cases where populations can also be cyclic through cohort cycles (Claessen et al., 2000)
or multispecies trophic interactions (Wearing et al., 2004), increasing cannibalism can lead to lower-
amplitude cycles or no cycles for some parameter values (i.e., the responses are nonlinear). Overall,
combinations of trophic mechanisms and stage structure effects can be quite unexpected.

Third, there are other, less explored ways in which demography can influence cycling. Much of cycle
theory considers changes in survival as the likely proximate driver of cycles of herbivores (Berryman,
2002). However, changes in reproduction rates through direct influence of the environment (Eomnicki,
1995; Smith et al., 2006; de Roos et al., 2009; Pinot et al., 2016) or maternal effects (Inchausti &
Ginzburg, 2009) can promote cycling. Using a combination of models and data, Kendall et al. (2005)
showed that while parasitism and maternal effects (maternal body size affects the performance of off-
spring) can each qualitatively explain pine looper moth cycles, the latter provides parameter estimates
that better match empirical measurements. Maternal effects are also implicated in annual plant pop-
ulation cycles (Crone & Taylor 1996; Crone 1997, see Box 3). How these reproduction-driven cycles
could connect to the age/size-structured consumer-resource based theory (de Roos & Persson, 2013) is,
to our knowledge, currently unknown and an interesting avenue for research; very likely these are akin
to delayed feedback cycles, though there might be a continuum between cohort and delayed feedback
cycles (Pfaff et al. 2014, Box 2).

Hence, a better empirical characterization of demographic structure in cycling populations, changes
in demographic rates (i.e., survival and reproduction), associated linkages to traits (e.g., body size),
and interaction between stages, would undoubtedly improve our ability to discern the mechanisms
influencing cyclic populations (Miller & Rudolf, 2011; Row et al., 2014; Box 4). A common practice
in population cycle studies is to separate “extrinsic” (predation, disease) from “intrinsic” causes (age
structure, maternal effects, adaptive territoriality). However, the possibility of mixing extrinsic and
intrinsic components, such as predator-driven maternal effects or cannibalistic interactions, suggests
that a classification based on demographic changes (i.e., changes in survival or reproduction rates for
a given age, stage or size) might be more useful in pinpointing at least the proximate causes of cycles.

Interactions between evolution and population cycles

Many features that promote population cycles are evolvable traits, which suggests that evolution can
play a key role in cyclicity; for example, litter size is correlated to cyclic propensity in rodents (Stenseth
et al., 1985) and continuous prey adaptation has been shown to facilitate the emergence of consumer-
resource cycles (Abrams & Matsuda, 1997). Evolutionary processes can occur on fast timescales: during
epizootics, disease transmission rates can change rapidly due to selection for disease resistance at high
pathogen abundance and selection for relaxation at low pathogen abundance, promoting oscillatory



eco-evolutionary dynamics (Elderd et al., 2008). For the question of why cycles occur, a stronger
understanding of both short- and long-term eco-evolutionary dynamics may be key.

In consumer-resource cycles, the cycle phase lag between the interacting species emerges as an im-
portant indicator of the underlying eco-evolutionary dynamics (Yoshida et al., 2003; Becks et al., 2010).
In usual predator-prey cycles not involving evolution, cycles run counterclockwise on the prey-predator
phase plane and prey peaks precede predator peaks by about a quarter of a cycle. The counterclock-
wise lag represents a fundamental result of consumer-resource models. In contrast, in a microcosm
experiment algal populations were almost out of phase compared to their protist grazers, and cycles
proceeded clockwise whenever algal defense mechanisms (in trade-off to their competitive ability) were
allowed to evolve (Cortez & Weitz, 2014). This phenomenon, sometimes called “cryptic” or “reversed”
cycling, was shown to occur in about half of the protozoan consumer-resource time series examined
by Hiltunen et al. (2014). Although not all clockwise cycles are driven by evolution (Hiltunen et al.,
2014), evolution may be an important modulator of cyclic behavior in natural systems, particularly for
organisms with short generation times that have a potential for rapid evolution. Without the interplay
between theory and data, the potential for and the confirmation of clockwise cycling may not have
emerged.

Forcing of ecological dynamics by periodic and noisy temporal

variation

Forcing by environmental oscillations

Apart from endogenous ecological (e.g., consumer-resource) interactions, population cycles can also
be driven by cyclic environmental variations, such as periodic changes in weather patterns (London
& Yorke, 1973; Hunter & Price, 1998). Periodic or roughly periodic environmental drivers previously
proposed to explain fluctuating populations include solar flare (“sunspot”) cycles (Sinclair et al., 1993),
the North Atlantic Oscillation (Garcia-Comas et al., 2011), the El Nifio-Southern Oscillation (Stenseth
et al., 2002) and long-period fluctuations of ocean currents (Bernal, 1981). When the driving force
induces a linear response in the system, an elegant treatment is possible using the so-called transfer
function, which describes the system’s response to different forcing frequencies (Roberts et al., 1995).
For example, ecosystems with high inertia and long correlation times will exhibit a transfer function
that quickly declines at higher frequencies, and will thus be most sensitive to low-frequency forcing. In
contrast, the interaction of external periodic forcing with nonlinear endogenous dynamics is less well
understood. Progress has been made in recent years using simulations and numerical bifurcation anal-
yses (Dakos et al., 2009; Taylor et al., 2013a), and established analytical techniques from physics - such
as Floquet theory (Klausmeier, 2008) - offer promising future avenues for ecology. Seasonality, in par-
ticular, is increasingly recognized as a key element in determining complex population dynamics (King
& Schaffer, 2001; de Roos et al., 2009; Taylor et al., 2013b; Nelson et al., 2013). For example, forcing
can result in repeated jumps between alternative attractors in models for seasonal measles outbreaks
(Aron, 1990; Keeling et al., 2001), and seasonal variation of parameters has been shown to promote
chaos in the classical Rosenzweig-MacArthur model (Rinaldi et al., 1993). Chaos appears widespread
in periodically forced non-linear systems, particularly when exogenous forcing affects multiple compo-
nents or interacts with endogenous cyclicity (Dakos et al., 2009; Greenman & Pasour, 2011; Beninca
et al., 2015). Rather strong seasonality, with a really adverse period for the organisms considered, can
induce life histories where reproduction occurs only during the favorable season and survival forms
(e.g., seeds, resistant eggs or larval stages) allow persistence through the adverse period, as in annual
plants and insects. These dynamics can be very prone to cycling and are best modeled in discrete time
(see Box 3 for models and references).

Stochasticity can also greatly enhance population cycling

Stochastic ecological modeling has revealed that random environmental perturbations and demographic
stochasticity can have a vast range of effects on population cycles (Nisbet & Gurney, 1982; Black &



McKane, 2012). Perhaps the best known example is the induction of “noise-sustained oscillations”
(NSO) around otherwise stable equilibria through the repeated random excitation of damped oscillators
(Royama, 1992; Kendall, 2001; McKane & Newman, 2005). While NSOs exhibit a peak in their
frequency spectrum, corresponding to a “characteristic frequency”, they are inherently irregular (Figs.
3¢, 5) and have a decaying autocorrelation, i.e., they are phase forgetting. Many populations appear
to have phase-forgetting cycles (Kaitala et al., 1996), such as sockeye salmon (Myers et al., 1998;
Krkosek et al., 2011), crappies (Allen & Miranda, 2001) and Dungeness crabs (Higgins et al., 1997).
NSOs may yield complete mathematical descriptions when noise is weak (Wiesenfeld, 1985; Aparicio
& Solari, 2001; Greenman & Benton, 2005; Tomé & de Oliveira, 2009; Baxendale & Greenwood, 2011).
These can show a large range of effects of noise, e.g., color in stochastic forcing - autocorrelation - can
enhance resonance (Greenman & Benton, 2005). However, oscillations sustained by strong noise are
usually examined numerically and effects of strong noise, which are less studied, are of great interest
for ecological cycles (Box 4, see also “flickering” below).

NSOs can occur in models that exhibit damped oscillations in the absence of noise for all parameter
values, or models displaying potential bifurcations towards limit cycles, such as stochastic variants of
egs. 1-2 (egs. 3-4 and Fig. 3).

AN= f(N) - g(N,P)P|dt+ o Ndw; (3)
~—— —— ——
prey functional noise term
pop. growth response
dP = [ h(g(N,P))P — uP |dt + o2 PdWs. (4)
—_——— ~—~ ——
numerical predator noise term
response death

Here, the noise terms dW;, with variance o7, are added as perturbations on the per capita growth
rate of both species, i.e. the noise terms are proportional to population size. This corresponds to
environmental stochasticity (Lande et al., 2003), which amounts to introduce stochasticity in the prey
intrinsic growth rate or the predator mortality rate. Eqgs. (3-4) are written using differentials rather
than derivatives for mathematical reasons (see e.g., Nolting & Abbott, 2016 for more details), but
behave similarly to eqs. (1-2) when the noise terms tend to zero. The stochastically forced predator-
prey systems can exhibit, depending on parameter values, damped oscillations towards an equilibrium
point (Fig. 3a), limit cycles (Fig. 3b) or noise-sustained oscillations (Fig. 3c).

In the latter case, stochasticity can push the system towards fluctuations, before the deterministic
bifurcation point is reached, on nearly the same attractor (e.g., a limit cycle) that emerges after the
bifurcation (Wiesenfeld, 1985). This means that very high-amplitude fluctuations can be sustained
or generated by noise, not unlike those generated by more regular, seasonal forcing (King & Schaffer,
2001; Taylor et al., 2013a). However, noise can also alter the qualitative properties of limit cycles by
causing irregularities in the cycle period (“jitter”) (Nisbet & Gurney, 1982; Burgers, 1999) or allowing
transients far from the system’s attractor (Rohani et al., 2002). The differences between noisy limit
cycles and NSOs can also be visualized in the phase plane (Fig. 4; Pineda-Krch et al., 2007). Noise
can also induce irregular transitions between attractors, a behavior sometimes referred to as flickering
(Fig. 5¢; Box 1, Dakos et al., 2013). Flickering has been reported most often for physical and chemical
systems (Horsthemke & Lefever, 2006), however ecological systems with complex phase space structure
are similarly sensitive to noise (Earn et al., 2000; Coulson et al., 2004; Ives et al., 2008). Flickering
can take the form of irregular population outbreaks (Dwyer et al., 2004; Sharma et al., 2015) or can
be mistaken for predator-prey cycles (Spencer & Collie, 1996); much remains to be done to better
characterize this phenomenon.

The above considerations show that stochastic effects not only have the potential to qualitatively
alter cyclic population dynamics, but can even induce oscillations in systems that would otherwise be
static (Fig. 5). Recognizing which particular paradigm best describes the observed fluctuations (e.g., as
noisy limit cycles, NSOs or non-cyclic; Fig. 5) is non-trivial. For example, NSOs may be confused with
correlated but non-cyclic fluctuations (i.e., lacking a peak in their frequency spectrum) especially when
available time series are of insufficient duration. In fact, a substantial number of natural populations
may have been misinterpreted as cyclic in the past (Louca & Doebeli, 2015). Because the stochastic
component can itself be weakly periodic, there is clearly a continuum between purely random and
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purely periodic forcing, including red (autocorrelated) and weakly periodic noise. Different scenarios
may be distinguished by fitting parametric models (Kendall et al., 1999; Ives et al., 2008; a technique
illustrated in Supplementary Appendix S2). Non-parametric methods also exist, notably based on
nonlinear state space reconstruction (Sugihara et al., 2012). As much-needed data are collected, these
analytical tools will continue to provide additional insight into how stochasticity may drive and sustain
population cycles.

[Insert Figs. 3, 4 and 5 around here]

Space and dispersal modulate observed cyclic patterns

The presence or properties of some population cycles cannot be fully explained without considering
the spatial extent of populations (Ranta et al., 1997), because spatially separated populations may
synchronize or induce cyclicity in one another through dispersal of individuals. Empirical research
shows that synchrony can extend well beyond the scales of individual dispersal (e.g., ~50 km vs ~1
km in voles, Bjornstad et al., 1999). If one assumes that the scale of synchrony should match the scale
of the process that drives it, this observation would suggest that large-scale spatial synchrony might
be maintained by factors other than individual dispersal (Krebs et al., 2013). However, theoretical
research demonstrates (Blasius et al., 1999; Jansen, 1999), and empirical tests confirm (Fox et al.,
2011), that extended dispersal-driven synchrony can occur through phase-locking (i.e., the progressive
synchronization of oscillators). Thus, the presence of intrinsic cycles has strong implications for the
appearance of spatial patterns like synchrony. In addition to inducing synchrony, dispersal can damp
oscillations in cyclic populations (Briggs & Hoopes, 2004). This occurs when immigration to a site is
independent of (or only weakly dependent on) the local population density, because such immigration
reduces local density dependence and weakens negative feedback loops. Thus, dispersal and landscape
structure can interact to play a critical role in determining cycle persistence. Note, though, that
the stabilizing effect of dispersal is intimately related to synchrony, because high dispersal rates are
expected to reduce cycle amplitude while concurrently increasing synchrony. On the other hand, syn-
chrony caused by factors other than dispersal (such as correlated environmental conditions, discussed
below), can weaken the cycle-damping effect of dispersal (Abbott, 2011).

Apart from dispersal, synchrony can also be caused by spatially correlated environmental fluctu-
ations that drive synchronized responses in separate populations. For example, during a particularly
beneficial stochastic perturbation (e.g., very high summer growth rate due to favorable climate), most
populations increase and therefore become synchronous over large spatial scales (Kerlin et al., 2010). In
cyclic populations, non-linear feedbacks can damp or amplify the effects of perturbations. As a result,
the strength of this synchrony is predicted to be weaker than the strength of environmental correlation
(Moran, 1953) and the scale and pattern of population synchrony may not generally resemble the scale
or the pattern of environmental correlations (Abbott, 2007). For higher-dimensional models, phase
reduction methods (Acebrén et al., 2005; Goldobin et al., 2010), which ignore cycle amplitudes and
describe dynamics purely in terms of their phases, can help keep models tractable while retaining the
key variables required to describe patterns of synchrony (Haydon et al., 2001; Cazelles & Stone, 2003;
Goldwyn & Hastings, 2011). Wavelet and co-spectral approaches can also help to show how spatial
synchrony changes over time, particularly in relation to climatic signals (Sheppard et al., 2016; Defriez
et al., 2016).

Spatially-lagged synchrony (or periodic traveling waves, see Glossary in Box 1), can theoretically
arise in both homogeneous and heterogeneous environments (Sherratt & Smith, 2008), and will, accord-
ing to empirical work, be shaped by landscape structure and dispersal dynamics (Bjernstad et al., 2002;
Berthier et al., 2014). Traveling waves can also arise during recurrent epidemic outbreaks, whereby
large core cities provide the spark for the initiation of outbreaks in smaller satellite towns (Grenfell
et al., 2001). In the wake of a traveling wave, populations may exhibit spatiotemporal chaos (Sherratt
et al., 2009), though noise can prevent this transition (Petrovskii et al., 2010). Landscape structure
and stochasticity can thus interact to drive the appearance of local cyclic or chaotic oscillations, but
more work is needed for a clearer sense of whether this occurs commonly in nature.

Large-scale studies of forest Lepidoptera represent some of the most intriguing evidence for the
benefits of blending empirical data with theoretical models to understand the effects of landscape
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structure on cyclic behavior. Empirical data from the larch budmoth and the forest tent caterpillar
show an increase in the duration of outbreaks in fragmented habitat, prolonging the time herbivorous
insects spend at cycle peaks (Roland, 1993). Because the link between forest fragmentation and
insect outbreaks was disputed, Hughes et al. (2015) constructed a model of defoliator cycles driven
by parasitoids. Their model shows that disputes in the empirical findings were a result of studies
using local versus global measures of outbreaks. Moreover, it was found that forest loss can increase
herbivore density and outbreak severity when parasitoids disperse further than the herbivores, because
parasitoid dispersal mortality decreases the control of herbivores by parasitoids (Hughes et al., 2015).
Studying the effects of landscape configuration presents empirical challenges, because to study the
mechanisms of cycling requires detailed local scale experiments, but habitat variation typically occurs
at much larger spatial scales. Advances in computational power and the development of analytical
tools that take advantage of the hierarchical nature of the data now mean models with more realistic
landscape structure can be combined with data from local and large scale studies. These advances will
allow researchers to bridge the gap between landscape ecology and population ecology.

How population cycling interacts with global change, biodiver-

sity and management

Cycle gain and loss

Population cycles can disappear in response to environmental change, and this can have profound
effects on an ecosystem. Cycle loss in herbivores can induce ripple effects throughout the food web in
northern regions (Ims et al., 2008; Millon et al., 2014) and adversely affect species sharing predators
with these herbivores (Kausrud et al., 2008; Barraquand et al., 2015). The effects are not uniformly
negative, however. Since cycle loss often means a decrease in mean abundance in addition to the
decrease in variability (Cornulier et al., 2013), cycle loss can have positive consequences in the case
of pest species. Changing environmental conditions may alter the amplitude (Nelson et al., 2013) or
periodicity (detected using wavelets, see Cazelles et al. 2008; Kausrud et al. 2008) in existing cycles and
even cause cycle gain in previously non-cyclic populations. Overall, the emergence or disappearance of
cycles under changing conditions, while often disruptive, also provides opportunities for understanding
the mechanisms driving cyclic dynamics (Ims et al., 2008) and may be considered a natural experiment
or perturbation to the system.

Foremost, climate change has been implicated as a key driver in both cycle gain or loss. For species
whose development times or foraging behavior are temperature-dependent, a changing climate can
have dramatic effects on cyclic dynamics. For small mammal species, such as voles, climate change
has decreased population size during the peaks of the cycle due to changes in winter growth rates
(Cornulier et al., 2013). Warm winters generate melt-frost events at northern latitudes, which result
in less favorable conditions for herbivores accessing their food through the frozen bottom snow layers
(Kausrud et al., 2008; Ims et al., 2008), although these results are not unequivocal (Korpela et al.,
2013; Gouveia et al., 2015). General principles of consumer-resource theory may help predict the effects
of long-term climatic changes on population cycles (O’Connor et al., 2011) and, more generally, food
web dynamics (Gilbert et al., 2014). For example, recent bioenergetic models suggest that warming
can damp oscillations in predator-prey systems (Fussmann et al., 2014) and three-species food chains
(Binzer et al., 2012) by reducing bottom-up energy fluxes, consistent with the aforementioned principle
of interaction strength in consumer-resource theory (Rip & McCann, 2011; McCann & Gellner, 2012).
Cycles of populations with seasonally varying behavioral responses may be particularly affected by
warming: if a predator switches its predatory behavior (functional response) between seasons, cycle
gain or loss can occur as summer season length increases (Tyson & Lutscher, 2016). This points to
the importance of developing models and sampling strategies that take into account both direct and
indirect effects of climate change on population cycles (Post, 2013).

Changing spatial patterns can also also lead to cycle gain and loss. Cycle loss in the gray-sided
vole (Hornfeldt, 2004; Ims et al., 2008), originally thought to be due to climate change, was later
found to be chiefly due to changes in the landscape structure (Ecke et al., 2010). Theoretical studies
show that habitat loss alone can cause cycle amplitude reduction and, as fragmentation occurs, cycle
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loss (Strohm & Tyson, 2009; Gauduchon et al., 2013). Additionally, cycle loss has been shown, in
some cases, to be a precursor to extirpation as habitat loss increases (Strohm & Tyson, 2009; Maciel
& Kraenkel, 2014; Vitense et al., 2016), which could suggest an indicator of regional-level resilience.
However, in at least one empirical, non-spatial context it is cycle gain, rather than cycle loss, that is the
indicator of imminent collapse (for salmon populations, White et al., 2014), which echoes theoretical
work on epidemiological systems with Allee effects (Hilker et al., 2009). In spatial models, an increase
in amplitude may also precede population collapse for some parameter values (Maciel & Kraenkel, 2014;
Vitense et al., 2016). In summary, the connection between cyclic population behavior and regional
persistence seems often idiosyncratic, and it is therefore very unlikely that increase or decrease in cycle
amplitude could be interpreted as an early-warning signal of population collapse.

Biodiversity maintenance

Empirical studies have shown a strong effect of the periodic resource inputs provided by cyclic popu-
lations on ecosystem function and subsequent community structure. For instance, the periodic cicada
provides an input of resources after the cicadas emerge, mate, and die, and these periodic nutrient
pulses affect nitrogen availability and forest plant community structure (Yang, 2004). In addition,
outbreaking forest insects periodically increase nitrogen availability on the forest floor, via high con-
centration of frass during cycle peaks. The nitrogen is readily taken up by forest floor microbes and
quickly incorporated into the soil (Lovett et al., 2002). Cyclic populations can also promote biodiver-
sity through the “bird-feeder effect”, whereby insect outbreaks cause an increase in regional predators
that are attracted to high local prey densities (Eveleigh et al., 2007).

From the perspective of species not actively contributing to such periodic outbreaks, these outbreaks
can be viewed as external resource pulses. Hence, existing resource pulse literature could help predict
ecosystem-wide consequences of population cycles (Chesson et al., 2004; Schmidt & Ostfeld, 2008).
Models of shared predation using a representation of the focal prey as a pulse (Schmidt & Ostfeld,
2008; Barraquand et al., 2015) show that cyclic species can promote alternative prey species persistence
- and therefore biodiversity - whenever predator numbers are constant, yet create apparent competition
whenever predators have strong numerical response to their focal prey. Hence, numerical responses of
predators are key to predict the ecosystem-scale biodiversity effects of overabundant cyclic species.

Cycling has also been predicted to promote coexistence of multiple consumers competing for com-
mon resources, because on periodic orbits the average resource density can be higher than the threshold
densities required for the survival of the oscillating consumers (Armstrong & McGehee, 1980). Aside
from classic consumer-resource mechanisms, intransitive competition, such as rock-paper-scissors com-
petition in which there is no overall winner, allows for competitor coexistence via cyclic dynamics (see
"Zooming out” section and Huisman & Weissing, 1999; Allesina & Levine, 2011). Thus, oscillatory
dynamics may result in increased biodiversity and contribute to explaining the puzzling coexistence of
many similar competitors in some systems (Chesson, 2000). It remains to be tested whether these pre-
dictions would hold for realistic interaction webs (McCann & Gellner, 2012). Microcosm experiments
with multiple interacting species may help resolve these uncertainties (Box 4).

Within species, cycling also interacts with genetic diversity maintenance (Norén & Angerbjorn,
2013). Following population genetics theory, population lows should be bottlenecks and reduce pop-
ulation diversity. But the levels of genetic diversity currently observed in cyclic species are actually
higher than expected from population troughs (e.g., for lynx, mouflon, and voles, Stenseth et al.,
2004; Ehrich & Jorde, 2005; Kaeuffer et al., 2007; Ehrich et al., 2009). Such genetic variability is
thought to be maintained notably by negatively density-dependent dispersal (more movement at low
population density), which seems widespread in cyclic species (Norén & Angerbjorn, 2013). Hence,
cyclic populations seem to be intrinsically robust to the erosion of their intra-specific diversity. Finally,
cycling can in itself be a mechanism of genetic and phenotypic diversity maintenance, as shown by
Sinervo & Lively (1996) who demonstrated the maintenance of color polymorphisms in lizards through
rock-paper-scissors competition.

Management

Because of their wide variation in densities, cyclic populations present unique challenges to managers
who want to keep pest densities low and game species densities high. In the introductory quote, El-
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ton pessimistically concluded that most strategies to reverse outbreaks appear successful only because
these strategies are applied prior to an inevitably imminent collapse of the populations. Here we de-
scribe modern strategies to control population dynamics that incorporate ecological and mathematical
knowledge to suggest interventions that effectively impact population dynamics.

Management strategies can focus on population-level control (e.g., adding or removing individuals of
the focal population), top-down control (e.g., augmenting predators or parasites) or bottom-up control
(e.g., augmenting resources). Although these strategies have been successfully applied to control cycles
(Hudson et al., 1998; Korpimiki & Norrdahl, 1998; Bell et al., 2012), unsuccessful attempts also occur
(Hessl et al., 2004) and can lead to unexpected and unwanted outcomes (Doak et al., 2008). Some
ways of harvesting individuals can in theory stabilize populations that would otherwise fluctuate, but
care must be taken because empirical evidence shows that harvesting can also increase fluctuations,
for example in plant, insect, and fish populations (Hsieh et al., 2006; Shelton & Mangel, 2011).

Management strategies at the population level remove surplus individuals (Lande et al., 1995;
Fryxell et al., 2005; Hilker & Westerhoff, 2006) or add individuals (Hilker & Westerhoff, 2005; Tung
et al., 2014) based on some target population threshold. This threshold can be a fixed density or
be related to density changes between surveys, as is the case in Adaptive Limiter Control where
populations are restocked in the event of an undesirably strong crash (Sah et al., 2013; Franco &
Hilker, 2013). Although these strategies are robust to the mechanisms driving fluctuations, their
efficacy can depend on the census data used (Franco & Hilker, 2014) and the timing of intervention
(Hilker & Liz, 2013).

To optimize the timing of intervention, mechanistic models (Desharnais et al., 2001) and time
series analysis (Hilker & Westerhoff, 2007) can be used to determine “hot regions” in the cycles (i.e.,
regions that are particularly sensitive to perturbations). Demonstrations of the “hot region” control
method using laboratory experiments (Desharnais et al., 2001) showed that adding a few individuals
to populations of the flour beetle, Tribolium castaneum, in hot regions of the population cycle greatly
affected population dynamics. In contrast, adding the same number of individuals in mathematically
determined “cold regions” caused no change in the dynamics. A series of recent experiments with
Drosophila melanogaster demonstrated the effectiveness of several alternative methods for stabilizing
populations, including Adaptive Limiter Control (Sah et al., 2013) and related strategies (Tung et al.,
2016a,b). Although mathematical models are not required to use these strategies (Hilker & Westerhoff,
2007), models can help determine the best timing and number of individuals that would have the most
effect (Desharnais et al., 2001; Franco & Hilker, 2013; Cid et al., 2014; Tung et al., 2014). Fitting
models to data (Supplementary Appendix S2) is key to the latter analyses. This approach exemplifies
how theory and empirical research can result in not only well-planned management strategies but a
better understanding of cyclic dynamics.

Besides direct manipulation of population densities, populations can be managed by affecting
the underlying mechanisms driving population dynamics. For instance, the parasitic nematode 7ri-
chostrongylus tenuis contributes to population cycles of the red grouse, Lagopus lagopus scoticus;
treating 15%--50% of the grouse population with antiparasitics prevented crashes that were observed
in the untreated populations, a pattern that could be explained by a general macroparasite model
(Hudson et al., 1998, though see Lambin et al., 1999). Similarly, using transgenic Bt corn to decrease
larval survival rates of the European corn borer, Ostrinia nubilalis, damped the 5-7 year population
cycles of the pest in Minnesota compared to population dynamics pre-Bt corn (Bell et al., 2012). De-
spite these successes, we should not underestimate the potential of ecological systems to surprise us
and produce counter-intuitive results. For example, controlling populations could lead to stable popu-
lations with constant levels of defoliation as opposed to cyclic populations causing cycles of defoliation,
but these stable populations may exhibit larger densities and thus cause increased overall defoliation
(Reilly & Elderd, 2014; Stieha et al., 2016). Intense monitoring is therefore needed to refine models
for management based on empirical evidence.

Conclusion
We have summarized four promising research fields in contemporary research on population cycles

(Fig. 1) and synthesized the current state of our knowledge, as well as important open challenges in
each of them (Box 4). First, although only two species or compartments are needed to make cycles
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emerge in a system of differential equations, mechanisms involving many more species are also likely to
occur. Thus, a current and much-needed trend is to increase the dimensionality of systems considered,
considering whole interaction webs, in both theoretical and statistical models. Multi-dimensional
ecological time series are therefore required to understand cycles in their broader ecosystem context
and to robustly calibrate high-dimensional models. Improved mathematical and statistical tools that
link multiple sources of information will play an important role in this endeavor. Second, demographic
context (stage structure, temporal patterns in vital rates and trait values, interactions between stages)
can be key for understanding cyclic dynamics. Making use of the recent progress in linking data to
theoretical models in demographic research (matrix models parameterized through capture-recapture,
integral population models) will likely help understanding the proximate causes of cycling. Third,
stochastic and seasonal forces permeate ecological systems and can induce oscillations. Although their
potential role in cycling populations has been known for some time, it is currently under-appreciated.
There is still much to discover about how strong and autocorrelated noise affect nonlinear systems - and
how to detect such effects (Box 4). Finally, applied research aimed at understanding the consequences
of changes in cyclic populations and managing cyclic species is progressing with great strides. Charles
Elton saw many control actions as no better than waiting for the natural termination of outbreaks,
but as cycles knocked on and off by environmental changes provide great natural experiments, and
theoretical models are increasingly used to help control populations, we begin to understand how to
truly manage cycles. Further progress will undoubtedly involve continual feedback between theory and
empirical research, a defining feature of research on population cycles that will continue to help the
field moving forward.
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Box 1 Glossary

flickering

noise-sustained
oscillations (NSO)
phase-forgetting
cycles

periodic traveling
wave

principle of

interaction strength

stochastic resonance

repeated random transitions between alternative attractors caused by
noise (Dakos et al., 2013)

oscillations caused by random perturbations of damped oscillators,
sometimes known as quasi-cycles (Nisbet & Gurney, 1982)

cycles with fluctuating periods, manifested as a decaying
autocorrelation (Nisbet & Gurney, 1982)

cyclic pattern propagating in one or more spatial directions (Sherratt
& Smith, 2008)

increasing the energy flux through a consumer-resource interaction
relative to the mortality rate of the consumer tends to destabilize the
interaction (McCann & Gellner, 2012)

the amplification of periodic forcing by random noise (Gammaitoni

et al., 1998)
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Box 2 Cohort or consumer-resource cycles?

Cohort or generation cycles have periods that are characteristically close to the develop-
ment time of the focal population (Murdoch et al., 2002). Using the delayed host-parasitoid
model,

Ri = ARi—r F(Ri—7y,Ciory) + SrRi—1 (5)
Cy = ARi—7.(1—F(Ri—1,Ci—1s)) + ScCi_1, (6)

with T and Tr being the consumer and resource development times, respectively, Murdoch et al.
(2002) showed that the period of consumer-resource cycles should be approximately 4T + 2Tx.
Taking a consumer perspective and denoting T = 7, they then looked at known periods of cycles
of generalists versus specialist consumers. They found that cycling generalists had mostly periods
< 47 while specialists had cycles with periods > 47, indicative of a consumer-resource cycle.
Hence, cycle periodicity may provide a first hint of the qualitative causes of observed cycles. They
further classified cycles into:

e “Single-generation cycles” (SGCs), for single species with direct density dependence, that
tend to occur with period within 1-27 (de Roos & Persson (2013) suggest that possible
generational overlap makes “cohort cycles” a clearer denomination),

e “Delayed-feedback cycles” (DFCs), for single species with a delay in their dynamics, that
tend to occur with period within 2—47, and

e “Consumer-resource cycles” as typified by egs. (1)—(2), that usually occur with period > 47
(ie., 4Tc + 2Tk).

Recent research shows that SGCs and DFCs might in fact be caused by the same class of demo-
graphic processes (Pfaff et al., 2014). SGCs/DFCs are widely observed in insects but also in fish,
where such demographic processes interact with environmental stochasticity (White et al., 2014).

Further insight into the mechanisms by which cohort cycles (SGCs) emerge can be gained
using size-structured population models where the maturation processes are modelled explicitly
as a function of physiological and growth processes, i.e., the redistribution of energy (de Roos
& Persson, 2013). The baseline model is given by 5 key equations (de Roos & Persson, 2013)
including a size variable s for consumers.

e Growth rate of resource biomass R (semi-chemostat or logistic):
G(R) = p(Rmax — R) or G(R) = pR(1 — R/Ruax)

e Change in juvenile size distribution c(t, s) with growth function g(R, s) and mortality rate
dy(R): %G 4 MR = —d s (R)e(t, s)

e Increase in consumer newborns through reproduction, with reproduction function b(R, s, ),
sp being the size at birth and s, at maturity: g(R, sp)c(t, sp) = b(R, 51 )C

e Adult consumer dynamics, including transition from juveniles to adult size, as well as adult
mortality with rate da(R): < = g(R, s,,)c(t, sm) — da(R)C

e Resource biomass dynamics, with consumer intake rates wy(R) and wa(R):

dt — G(R) —ws(R) [°™ sc(t, s)ds — wa(R)sy,C.

dt Sb

de Roos & Persson (2013) further assume that the maximum ingestion rates of juvenile is M
and that of adults ¢M¢, influencing intake rates wy(R) = Mcﬁ and wa(R) = qMCﬁ.
With semi-chemostat resource dynamics, no cycles are observed in this and other consumer-
resource models whenever adults and juveniles are trophically identical (¢ = 1 here) (Turchin
& Batzli, 2001; de Roos & Persson, 2013). Instead, cohort cycles emerge when ¢ # 1. A major
contribution of de Roos and Persson was to delineate two kinds of cohort cycles, juvenile-driven
(¢ < 1, large amplitude, low juvenile/adult ratio, one dominant cohort, highly episodic reproduc-
tion) vs. adult-driven cycles (¢ > 1, lower amplitude, high juvenile/adult ratio, relatively constant
size distribution, variable yet continuous reproduction). For semi-chemostat resource dynamics,
cycle period/maturation delay ~ 1 in both cases, though slightly longer for adult-driven cycles.
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Box 3 Cycles in organisms with episodic life histories

The simple presence of episodic life-history events, best represented by a discrete-time model, can
sometimes be enough to create population cycling, as even the simplest discrete-time models are
famously prone to cycling and other complicated dynamics (May, 1974). One example of a simple
model capable of complex dynamics is the Ricker Model (we follow the presentation of Gurney &
Nisbet, 1998), where N; adults produce, on average, f offspring between time ¢t and ¢+7,7 € [0, 1),
and these offspring are reproductively mature by ¢ + 1. Offspring survival to maturity, however,
decreases with adult density (such as Pr(survival) = exp(—adV;), so that the number of adults in
the next generation, Nyy1 = fNpexp(—alV;) (or Niy1 = fNpexp(—alN;y) + sa Ny if generations
overlap because some fraction, sy4, of adults survive to reproduce again). As fertility f increases,
populations are first stable, then exhibit 2-point cycles with overcompensation (i.e., overshooting
and undershooting of a carrying capacity), then longer period cycles through period doubling and
even chaos (Gurney & Nisbet, 1998). However, even in the chaotic regime, high frequencies (low
periods) usually dominate the frequency spectrum of such models (Cohen, 1995). Importantly,
these cycles are a low-dimensional, intraspecific phenomenon; they are not expected when
interspecific density dependent feedbacks are strong, as in tightly coupled consumer-resource food
webs (Murdoch et al., 2002). Because annual replanting of their host plant prevents multi-year
interspecific feedbacks, the cyclic outbreaks of agricultural pest insects have recently been
described as such overcompensation cycles (Stieha et al., 2016).

In contrast to overcompensation cycles, consumer-resource interactions and other mechanisms
discussed in the main text generally lead to lower-frequency cycles that build to and descend from
each peak over multiple years (Murdoch et al., 2002, see main text and Box 2 for a discussion
of periodicities), even with highly seasonal environments or episodic life-histories. The balance
of direct, intraspecific density dependence and lagged or interspecific feedbacks will determine
which type of cycle arises. For example, experimental populations of the annual plant Cardamine
pensylvanica exhibit multi-generational cycles due to delayed density dependence via parental
effects, where high parental density reduces offspring size (Crone, 1997) and fecundity (Crone &
Taylor, 1996). To model plant cycles, Crone (1997) made the following assumptions

e adult plant density V; is proportional to seed density s;, Ny = as

e average plant mass w; declines with present and parental plant density N;_1
so that ln(wt) = a; — bth — Cth_l

e average plant mass and fecundity are allometrically related f; = agwf 2
e seed density in the next generation is proportional to population fecundity s;+1 = asfi Ny

This then leads to the model

Nip1 = a3a2Ntea1b2_bleNt_C1b2Nt—1 (7)
where subscripted a;, b;, and ¢; are estimated from the data. The above model produces limit
cycles of period 2 and above. Experimentally decreasing nutrient availability, however, reduces
the strength of this delayed interaction (thereby increasing the relative strength of direct density
dependence) and leads to a damped 2-point cycle (Molofsky et al., 2014). Populations with
such episodic life-histories living in strongly seasonal environments provide unique opportunities
to study cycle-producing mechanisms; it is much more straightforward to test for lagged density
dependent effects in discrete-time systems where the set of possible lags is both finite and naturally
defined (year t — 1, t — 2, etc.). Annual plants are an interesting avenue for further study, because
as shown above, oscillations can and do occur in plants (see also Tilman & Wedin, 1991; Gonzalez-
Andujar et al., 2006) and shorter time series in temporally replicated surveys - compared to animals
- might hide the richness of their population dynamics.
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Box 4 Future research directions in modeling population cycles

Better characterization of interactions in food webs with cyclic species

Population densities are typically estimated from indices of high uncertainty (e.g., tracks or
scat Krebs, 2011, tree rings, Cooke & Roland, 2007). More precise population estimates
(e.g., mark-recapture) and longer-term monitoring will improve statistical power, add value
to proxy data, and allow testing of more complex models (Krebs et al., 2014).

Observation-driven high-dimensional models are needed to understand how population
cycles emerge in, and interact with, entire food webs. Multi-species microcosm experiments
and some natural food webs can serve as anchors for future theories (Beninca et al., 2008;
Krebs, 2011).

Multidimensional time series (e.g., multi-species population data, abiotic data) will be
crucial for identifying the dimensionality of ecological fluctuations, using models both in the
time domain (Abbott et al., 2009; Sugihara et al., 2012) and in the frequency domain (Detto
et al., 2012).

Better integration of individual-level processes into mechanistic population models

The roles of behavioral responses (e.g., fear) and indirect demographic effects (e.g.,
maternal effects on fecundity) are increasingly recognized in the context of cyclic populations
(Sheriff et al., 2010; Krebs, 2011; Sheriff et al., 2011), but theoretical treatments are scarce
(Kendall et al., 2005). More demographic studies (e.g. Row et al., 2014) are needed.

Understanding the role of co-evolution in ecological cycles, and how results from mi-
crocosm experiments apply to higher taxa and natural populations (Yoshida et al., 2003;
Yoshida, 2006; Becks et al., 2010).

Trade-offs between reproduction and survival rates in evolutionary models will need
to be adjusted to measurable life history traits such as fecundity and mortality, in order to
obtain testable predictions on how cyclic environments affect evolution (Greenman et al.,
2005; Hoyle et al., 2011).

New tools are needed for calibrating detailed stochastic models, including individual-
based models (Svanbiick et al., 2009; Hartig et al., 2011), to data.

Understanding the effects of stochasticity on population fluctuations

Recent work challenges the robustness of conclusions from models that assume perturbations
to be weak and uncorrelated (Reuman et al., 2008; Sharma et al., 2015). Future stochastic
models will need to move beyond weak white noise by considering (1) high-amplitude
perturbations and non-linear responses, as well as (2) autocorrelated (coloured) noise.

Methods are needed for identifying the best description of observed fluctuations, be
it as limit cycles, NSOs, non-cyclic fluctuations, or chaos (Pineda-Krch et al., 2007; Louca &
Doebeli, 2015), and detecting causal relationships between variables (Sugihara et al., 2012).
This is essential for the construction of detailed mechanistic models (Kendall et al., 1999),
and in turn, providing management strategies.

Further exploring how demographic and environmental noise influence traveling
waves (Petrovskii et al., 2010), in order to improve our interpretation and predictions of
spatiotemporal patterns in the field.

Consequences of cycles and management

Correctly interpreting changes in cyclicity as signs of population collapse or increase,
or other larger ecological changes (Ims et al., 2008; White et al., 2014).
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e Understanding the role of cycles in biodiversity maintenance. For example, do cycles in
key herbivores within large food webs favor top consumer coexistence?

e Control methods based on mathematically derived “hot regions”; so far only tested under
laboratory conditions (Desharnais et al., 2001), need to be evaluated in the field.

References

Abbott, K. (2007). Does the pattern of population synchrony through space reveal if the Moran effect
is acting? QOikos, 116, 903-912.

Abbott, K. (2011). A dispersal-induced paradox: synchrony and stability in stochastic metapopula-
tions. FEcology Letters, 14, 1158-1169.

Abbott, K.C., Ripa, J. & Ives, A.R. (2009). Environmental variation in ecological communities and
inferences from single-species data. Ecology, 90, 1268-1278.

Abrams, P.A. & Matsuda, H. (1997). Prey adaptation as a cause of predator-prey cycles. Fvolution,
51, 1742-1750.

Acebrén, J.A., Bonilla, L.L., Vicente, C.J.P., Ritort, F. & Spigler, R. (2005). The Kuramoto model:
a simple paradigm for synchronization phenomena. Reviews of Modern Physics, 77, 137-185.

Allen, M.S. & Miranda, L.E. (2001). Quasi-cycles in crappie populations are forced by interactions
among population characteristics and environment. Canadian Journal of Fisheries and Aquatic

Sciences, 58, 594—601.

Allesina, S. & Levine, J.M. (2011). A competitive network theory of species diversity. Proceedings of
the National Academy of Sciences, 108, 5638-5642.

Aparicio, J.P. & Solari, H.G. (2001). Sustained oscillations in stochastic systems. Mathematical
Biosciences, 169, 15-25.

Armstrong, R.A. & McGehee, R. (1980). Competitive exclusion. American Naturalist, 115, 151-170.

Aron, J.L. (1990). Multiple attractors in the response to a vaccination program. Theoretical Population
Biology, 38, 58—67.

Barraquand, F., New, L., Redpath, S. & Matthiopoulos, J. (2015). Indirect effects of primary prey
population dynamics on alternative prey. Theoretical Population Biology, 103, 44-49.

Bascompte, J. & Melidn, C.J. (2005). Simple trophic modules for complex food webs. FEcology, 86,
2868-2873.

Baxendale, P.H. & Greenwood, P.E. (2011). Sustained oscillations for density dependent Markov
processes. Journal of Mathematical Biology, 63, 433-457.

Becks, L., Ellner, S.P., Jones, L.E. & Hairston Jr, N.G. (2010). Reduction of adaptive genetic diversity
radically alters eco-evolutionary community dynamics. Ecology Letters, 13, 989-997.

Begon, M., Townsend, C. & Harper, J. (2006). Ecology: From Individuals to Ecosystems. 4th edn.
Blackwell.

Bell, J.R., Burkness, E.C., Milne, A.E., Onstad, D.W., Abrahamson, M., Hamilton, K.L. & Hutchison,
W.D. (2012). Putting the brakes on a cycle: bottom-up effects damp cycle amplitude. Ecology
Letters, 15, 310-318.

Beninca, E., Ballantine, B., Ellner, S.P. & Huisman, J. (2015). Species fluctuations sustained by a cyclic
succession at the edge of chaos. Proceedings of the National Academy of Sciences, 112, 6389-6394.

20



Beninca, E., Huisman, J., Heerkloss, R., Johnk, K.D., Branco, P., Van Nes, E.H., Scheffer, M. & Ellner,
S.P. (2008). Chaos in a long-term experiment with a plankton community. Nature, 451, 822-825.

Beninca, E., Johnk, K.D., Heerkloss, R. & Huisman, J. (2009). Coupled predator—prey oscillations in
a chaotic food web. FEcology Letters, 12, 1367-1378.

Bernal, P.A. (1981). A review of the low-frequency response of the pelagic ecosystem in the California
Current. California Cooperative Oceanic Fisheries Investigations Reports, 22, 49-62.

Berryman, A. (2002). Population Cycles: The Case for Trophic Interactions. Oxford University Press,
USA, New York City, NY.

Berthier, K., Piry, S., Cosson, J.F., Giraudoux, P., Foltéte, J.C., Defaut, R., Truchetet, D. & Lambin,
X. (2014). Dispersal, landscape and travelling waves in cyclic vole populations. Ecology Letters, 17,
53-64.

Binzer, A., Guill, C., Brose, U. & Rall, B.C. (2012). The dynamics of food chains under climate change
and nutrient enrichment. Philosophical Transactions of the Royal Society B: Biological Sciences, 367,
2935-2944.

Bjornstad, O.N., Falck, W. & Stenseth, N.C. (1995). A geographic gradient in small rodent density
fluctuations: a statistical modelling approach. Proceedings of the Royal Society of London. Series
B: Biological Sciences, 262, 127-133.

Bjernstad, O.N., Peltonen, M., Liebhold, A.M. & Baltensweiler, W. (2002). Waves of larch budmoth
outbreaks in the European Alps. Science, 298, 1020-1023.

Bjgrnstad, O.N., Stenseth, N.C. & Saitoh, T. (1999). Synchrony and scaling in dynamics of voles and
mice in northern Japan. Ecology, 80, 622-637.

Black, A.J. & McKane, A.J. (2012). Stochastic formulation of ecological models and their applications.
Trends in Ecology € Evolution, 27, 337 — 345.

Blasius, B., Huppert, A. & Stone, L. (1999). Complex dynamics and phase synchronization in spatially
extended ecological systems. Nature, 399, 354-359.

Briggs, C.J. & Hoopes, M.F. (2004). Stabilizing effects in spatial parasitoid—-host and predator—prey
models: a review. Theoretical Population Biology, 65, 299-315.

Burgers, G. (1999). The El Nino stochastic oscillator. Climate Dynamics, 15, 521-531.

Cazelles, B., Chavez, M., Berteaux, D., Ménard, F., Vik, J.O., Jenouvrier, S. & Stenseth, N.C. (2008).
Wavelet analysis of ecological time series. Oecologia, 156, 287-304.

Cazelles, B. & Stone, L. (2003). Detection of imperfect population synchrony in an uncertain world.
Journal of Animal Ecology, 72, 953-968.

Chesson, P. (2000). Mechanisms of maintenance of species diversity. Annual Review of Ecology and
Systematics, 31, 343-366.

Chesson, P., Gebauer, R., Schwinning, S., Huntly, N., Wiegand, K., Ernest, M., Sher, A., Novoplansky,
A. & Weltzin, J. (2004). Resource pulses, species interactions, and diversity maintenance in arid
and semi-arid environments. Oecologia, 141, 236-253.

Cid, B., Hilker, F. & Liz, E. (2014). Harvest timing and its population dynamic consequences in a
discrete single-species model. Mathematical Biosciences, 248, 78-87.

Claessen, D., de Roos, A.M. & Persson, L. (2000). Dwarfs and giants: cannibalism and competition
in size-structured populations. American Naturalist, 155, 219-237.

Cohen, J.E. (1995). Unexpected dominance of high frequencies in chaotic nonlinear population models.
Nature, 378, 610-612.

21



Cooke, B.J. & Roland, J. (2007). Trembling aspen responses to drought and defoliation by forest tent
caterpillar and reconstruction of recent outbreaks in Ontario. Canadian Journal of Forest Research,
37, 1586-1598.

Cornulier, T., Yoccoz, N.G., Bretagnolle, V., Brommer, J.E., Butet, A., Ecke, F., Elston, D.A., Fram-
stad, E., Henttonen, H., Hornfeldt, B., Huitu, O., Imholt, C., Ims, R.A., Jacob, J., Jedrzejewska,
B., Millon, A., Petty, S.J., Pietidinen, H., Tkadlec, E., Zub, K. & Lambin, X. (2013). Europe-wide
dampening of population cycles in keystone herbivores. Science, 340, 63-66.

Cortez, M.H. & Weitz, J.S. (2014). Coevolution can reverse predator—prey cycles. Proceedings of the
National Academy of Sciences, 111, 7486-7491.

Costantino, R.F., Desharnais, R., Cushing, J.M. & Dennis, B. (1997). Chaotic dynamics in an insect
population. Science, 275, 389-391.

Coulson, T., Rohani, P. & Pascual, M. (2004). Skeletons, noise and population growth: the end of an
old debate? Trends in Ecology € Evolution, 19, 359-364.

Crone, E.E. (1997). Parental environmental effects and cyclical dynamics in plant populations. Amer-
ican Naturalist, 150, 708-729.

Crone, E.E. & Taylor, D.R. (1996). Complex dynamics in experimental populations of an annual plant,
Cardamine pensylvanica. Ecology, 77, 289-299.

Dakos, V., Beninca, E., van Nes, E.H., Philippart, C.J.M., Scheffer, M. & Huisman, J. (2009). Inter-
annual variability in species composition explained as seasonally entrained chaos. Proceedings of the
Royal Society B: Biological Sciences, 276, 2871-2880.

Dakos, V., van Nes, E.H. & Scheffer, M. (2013). Flickering as an early warning signal. Theoretical
Ecology, 6, 1-9.

Defriez, E.J., Sheppard, L.W., Reid, P.C. & Reuman, D.C. (2016). Climate change-related regime
shifts have altered spatial synchrony of plankton dynamics in the north sea. Global change biology,
22, 2069-2080.

Desharnais, R., Costantino, R., Cushing, J., Henson, S. & Dennis, B. (2001). Chaos and population
control of insect outbreaks. Fcology Letters, 4, 229-235.

Detto, M., Molini, A., Katul, G., Stoy, P., Palmroth, S. & Baldocchi, D. (2012). Causality and
persistence in ecological systems: a nonparametric spectral granger causality approach. American
Naturalist, 179, 524-535.

Doak, D.F., Estes, J.A., Halpern, B.S., Jacob, U., Lindberg, D.R., Lovvorn, J., Monson, D.H., Tinker,
M.T., Williams, T.M., Wootton, J.T., Carroll, I., Emmerson, M., Micheli, F. & Novak, M. (2008).
Understanding and predicting ecological dynamics: are major surprises inevitable? Ecology, 89,
952-961.

Dwyer, G., Dushoff, J. & Yee, S.H. (2004). The combined effects of pathogens and predators on insect
outbreaks. Nature, 430, 341-345.

Earn, D.J., Rohani, P., Bolker, B.M. & Grenfell, B.T. (2000). A simple model for complex dynamical
transitions in epidemics. Science, 287, 667—670.

Ecke, F., Christensen, P., Rentz, R., Nilsson, M., Sandstréom, P. & Hérnfeldt, B. (2010). Landscape
structure and the long-term decline of cyclic grey-sided voles in Fennoscandia. Landscape Ecology,
25, 551-560.

Ehrich, D. & Jorde, P.E. (2005). High genetic variability despite high-amplitude population cycles in
lemmings. Journal of Mammalogy, 86, 380-385.

Ehrich, D., Yoccoz, N.G. & Ims, R.A. (2009). Multi-annual density fluctuations and habitat size
enhance genetic variability in two northern voles. Oikos, 118, 1441-1452.

22



Elderd, B.D., Dushoff, J. & Dwyer, G. (2008). Host-pathogen interactions, insect outbreaks, and
natural selection for disease resistance. American Naturalist, 172, 829-842.

Elderd, B.D., Rehill, B.J., Haynes, K.J. & Dwyer, G. (2013). Induced plant defenses, host—pathogen
interactions, and forest insect outbreaks. Proceedings of the National Academy of Sciences, 110,
14978-14983.

Elton, C. & Nicholson, M. (1942). The ten-year cycle in numbers of the lynx in canada. Journal of
Animal Ecology, pp. 215-244.

Elton, C.S. (1924). Periodic fluctuations in the numbers of animals: their causes and effects. Journal
of Experimental Biology, 2, 119-163.

Eveleigh, E.S., McCann, K.S., McCarthy, P.C., Pollock, S.J., Lucarotti, C.J., Morin, B., McDougall,
G.A., Strongman, D.B., Huber, J.T., Umbanhowar, J. & Faria, L.D.B. (2007). Fluctuations in
density of an outbreak species drive diversity cascades in food webs. Proceedings of the National
Academy of Sciences, 104, 16976-16981.

Fox, J.W., Vasseur, D.A., Hausch, S. & Roberts, J. (2011). Phase locking, the Moran effect and
distance decay of synchrony: experimental tests in a model system. Ecology Letters, 14, 163-168.

Franco, D. & Hilker, F. (2013). Adaptive limiter control of unimodal population maps. Journal of
Theoretical Biology, 337, 161-173.

Franco, D. & Hilker, F. (2014). Stabilizing populations with adaptive limiters: prospects and fallacies.
SIAM Journal on Applied Dynamical Systems, 13, 447-465.

Fryxell, J., Smith, I. & Lynn, D. (2005). Evaluation of alternate harvesting strategies using experi-
mental microcosms. Oikos, 111, 143-149.

Fussmann, G.F., Ellner, S.P., Shertzer, K.W. & Hairston Jr., N.G. (2000). Crossing the Hopf bifurca-
tion in a live predator-prey system. Science, 290, 1358-1360.

Fussmann, K.E., Schwarzmiiller, F., Brose, U., Jousset, A. & Rall, B.C. (2014). Ecological stability in
response to warming. Nature Climate Change, 4, 206-210.

Gammaitoni, L., Hinggi, P., Jung, P. & Marchesoni, F. (1998). Stochastic resonance. Reviews of
Modern Physics, 70, 223.

Garcia-Comas, C., Stemmann, L., Ibanez, F., Berline, L., Mazzocchi, M.G., Gasparini, S., Picheral, M.
& Gorsky, G. (2011). Zooplankton long-term changes in the Northwest Mediterranean Sea: decadal
periodicity forced by winter hydrographic conditions related to large-scale atmospheric changes?
Journal of Marine Systems, 87, 216-226.

Gauduchon, T., Strohm, S. & Tyson, R. (2013). The effect of habitat fragmentation on cyclic popula-
tions with edge behaviour. Mathematical Modelling of Natural Phenomena, 8, 45-63.

Gilbert, B., Tunney, T.D., McCann, K.S., DeLong, J.P., Vasseur, D.A., Savage, V., Shurin, J.B.
Dell, A.L., Barton, B.T., Harley, C.D., Kharouba, H.M., Kratina, P., Blanchard, J.L., Clements, C.,
Winder, M., Greig, H.S. & O’Connor, M.I. (2014). A bioenergetic framework for the temperature
dependence of trophic interactions. Ecology Letters, 17, 902-914.

Goldobin, D.S., Teramae, J.N., Nakao, H. & Ermentrout, G.B. (2010). Dynamics of limit-cycle oscil-
lators subject to general noise. Physical Review Letters, 105, 154101.

Goldwyn, E.E. & Hastings, A. (2011). The roles of the Moran effect and dispersal in synchronizing
oscillating populations. Journal of Theoretical Biology, 289, 237-246.

Gonzalez-Andujar, J., Ferndndez-Quintanilla, C. & Navarrete, L. (2006). Population cycles produced
by delayed density dependence in an annual plant. American Naturalist, 168, 318-322.

Gouveia, A., Bejéek, V., Flousek, J., Sedldcek, F., St’astny, K., Zima, J., Yoccoz, N.G., Stenseth,
N.C. & Tkadlec, E. (2015). Long-term pattern of population dynamics in the field vole from central
Europe: cyclic pattern with amplitude dampening. Population Ecology, 57, 581-589.

23



Greenman, J. & Benton, T. (2005). The impact of environmental fluctuations on structured discrete
time population models: resonance, synchrony and threshold behaviour. Theoretical Population
Biology, 68, 217-235.

Greenman, J., Benton, T., Boots, M. & White, A. (2005). The evolution of oscillatory behavior in
age-structured species. American Naturalist, 166, 68-78.

Greenman, J. & Pasour, V. (2011). Phase control of resonant systems: interference, chaos and high
periodicity. Journal of Theoretical Biology, 278, 74-86.

Grenfell, B., Bjgrnstad, O. & Kappey, J. (2001). Travelling waves and spatial hierarchies in measles
epidemics. Nature, 414, 716-723.

Gurney, W. & Nisbet, R.M. (1998). Ecological dynamics. Oxford University Press.

Hartig, F., Calabrese, J.M., Reineking, B., Wiegand, T. & Huth, A. (2011). Statistical inference for
stochastic simulation models-theory and application. Ecology Letters, 14, 816-827.

Haydon, D., Stenseth, N., Boyce, M. & Greenwood, P. (2001). Phase coupling and synchrony in
the spatiotemporal dynamics of muskrat and mink populations across Canada. Proceedings of the
National Academy of Sciences, 98, 13149-13154.

Hessl, A.E., McKenzie, D. & Schellhaas, R. (2004). Drought and pacific decadal oscillation linked to
fire occurrence in the inland pacific northwest. Ecological Applications, 14, 425-442.

Higgins, K., Hastings, A., Sarvela, J. & Botsford, L. (1997). Stochastic dynamics and deterministic
skeletons: population behavior of dungeness crab. Science, 276, 1431-1435.

Hilker, F. & Liz, E. (2013). Harvesting, census timing and "hidden” hydra effects. Ecological Complezxity,
14, 95-107.

Hilker, F. & Westerhoff, F. (2005). Control of chaotic population dynamics: ecological and economic
considerations. Beitraege des Instituts fuer Umweltsystemforschung, 32.

Hilker, F. & Westerhoff, F. (2006). Paradox of simple limiter control. Physical Review E, 173, 052901.

Hilker, F. & Westerhoff, F. (2007). Preventing extinction and outbreaks in chaotic populations. Amer-
ican Naturalist, 170, 232—-241.

Hilker, F.M., Langlais, M. & Malchow, H. (2009). The allee effect and infectious diseases: Extinction,
multistability, and the (dis-) appearance of oscillations. American Naturalist, 173, 72-88.

Hiltunen, T., Hairston, N.G., Hooker, G., Jones, L.E. & Ellner, S.P. (2014). A newly discovered role
of evolution in previously published consumer-resource dynamics. Ecology Letters.

Hiltunen, T., Jones, L., Ellner, S. & Hairston Jr, N. (2013). Temporal dynamics of a simple community
with intraguild predation: an experimental test. Ecology, 94, 773-779.

Hodges, K., Krebs, C. & Sinclair, A. (1999). Snowshoe hare demography during a cyclic population
low. Journal of Animal Ecology, 68, 581-594.

Holt, R.D. & Polis, G.A. (1997). A theoretical framework for intraguild predation. American Naturalist,
149, 745 764

Hornfeldt, B. (2004). Long-term decline in numbers of cyclic voles in boreal Sweden: analysis and
presentation of hypotheses. Oikos, 107, 376-392.

Horsthemke, W. & Lefever, R. (2006). Noise-Induced Transitions: Theory and Applications in Physics,
Chemistry, and Biology. Springer complexity. Physica-Verlag.

Hoyle, A., Bowers, R.G. & White, A. (2011). Evolutionary behaviour, trade-offs and cyclic and chaotic
population dynamics. Bulletin of Mathematical Biology, 73, 1154-1169.

24



Hsieh, C., Reiss, C., Hunter, J., Beddington, J., May, R. & Sugihara, G. (2006). Fishing elevates
variability in the abundance of exploited species. Nature, 443, 859-862.

Hudson, P.J., Dobson, A.P. & Newborn, D. (1998). Prevention of population cycles by parasite removal.
Science, 282, 2256-2258.

Hughes, J., Cobbold, C., Haynes, K. & Dwyer, G. (2015). Effects of forest spatial structure on insect
outbreaks: insights from a host-parasitoid model. American Naturalist, 185, E130-E152.

Huisman, J. & Weissing, F. (1999). Biodiversity of plankton by species oscillations and chaos. Nature,
402, 407-410.

Hunter, M.D. & Price, P.W. (1998). Cycles in insect populations: delayed density dependence or
exogenous driving variables? FEcological Entomology, 23, 216-222.

Ims, R., Henden, J. & Killengreen, S. (2008). Collapsing population cycles. Trends in Ecology &
Evolution, 23, 79-86.

Inchausti, P. & Ginzburg, L. (2009). Maternal effects mechanism of population cycling: a formidable
competitor to the traditional predator—prey view. Philosophical Transactions of the Royal Society
B: Biological Sciences, 364, 1117.

Indic, P., Gurdziel, K., Kronauer, R.E. & Klerman, E.B. (2006). Development of a two-dimension
manifold to represent high dimension mathematical models of the intracellular mammalian circadian
clock. Journal of Biological Rhythms, 21, 222-232.

Ives, A.R., Einarsson, A., Jansen, V.A. & Gardarsson, A. (2008). High-amplitude fluctuations and
alternative dynamical states of midges in Lake Myvatn. Nature, 452, 84-87.

Ives, A.R. & Jansen, V.A. (1998). Complex dynamics in stochastic tritrophic models. Ecology, 79,
1039-1052.

Jansen, V.A. (1999). Phase locking: another cause of synchronicity in predator—prey systems. Trends
in Ecology & FEvolution, 14, 278-279.

Kadoya, T. & McCann, K.S. (2015). Weak interactions and instability cascades. Scientific Reports, 5,
12652 EP.

Kaeuffer, R., Coltman, D.W., Chapuis, J.1., Réale, D. & Pontier, D. (2007). The effects of cyclic
dynamics and mating system on the effective size of an island mouflon population. Molecular Ecology,
16, 4482-4492.

Kaitala, V., Ranta, E. & Lindstrém, J. (1996). Cyclic population dynamics and random perturbations.
Journal of Animal Ecology, 65, 249-251.

Kausrud, K.L., Mysterud, A., Steen, H., Vik, J.O., @Ostbye, E., Cazelles, B., Framstad, E., Eikeset,
A M., Mysterud, L., Solhgy, T. et al. (2008). Linking climate change to lemming cycles. Nature, 456,
93-97.

Keeling, M.J., Rohani, P. & Grenfell, B.T. (2001). Seasonally forced disease dynamics explored as
switching between attractors. Physica D: Nonlinear Phenomena, 148, 317-335.

Kendall, B.E. (2001). Cycles, chaos, and noise in predator—prey dynamics. Chaos, Solitons € Fractals,
12, 321-332.

Kendall, B.E., Briggs, C.J., Murdoch, W.W., Turchin, P., Ellner, S.P., McCauley, E., Nisbet, R.M. &
Wood, S.N. (1999). Why do populations cycle? A synthesis of statistical and mechanistic modeling
approaches. Ecology, 80, 1789-1805.

Kendall, B.E., Ellner, S.P., McCauley, E., Wood, S.N., Briggs, C.J., Murdoch, W.W. & Turchin,
P. (2005). Population cycles in the pine looper moth: dynamical tests of mechanistic hypotheses.
Ecological Monographs, 75, 259-276.

25



Kerlin, D.H., Thirgood, S.J., Miller, D.R., Aebischer, N.J., Smith, A.A. & Haydon, D.T. (2010).
State-dependent dynamics of cycles in red grouse abundance. Ecography, 33, 896-905.

King, A. & Schaffer, W. (2001). The geometry of a population cycle: a mechanistic model of snowshoe
hare demography. Ecology, 82, 814-830.

Kingsland, S. (1995). Modeling nature: episodes in the history of population ecology. University of
Chicago Press.

Klausmeier, C. (2008). Floquet theory: a useful tool for understanding nonequilibrium dynamics.
Theoretical Ecology, 1, 153—161.

Klemola, T., Tanhuanpaa, M., Korpimaki, E. & Ruohomaki, K. (2002). Specialist and generalist natu-
ral enemies as an explanation for geographical gradients in population cycles of northern herbivores.
Oikos, 99, 83-94.

Korpela, K., Delgado, M., Henttonen, H., Korpimiki, E., Koskela, E., Ovaskainen, O., Pietidinen,
H., Sundell, J., Yoccoz, N.G. & Huitu, O. (2013). Nonlinear effects of climate on boreal rodent
dynamics: mild winters do not negate high-amplitude cycles. Global Change Biology, 19, 697-710.

Korpiméki, E. & Norrdahl, K. (1998). Experimental reduction of predators reverses the crash phase
of small-rodent cycles. Fcology, 79, 2448-2455.

Krebs, C., Boonstra, R., Boutin, S. & Sinclair, A. (2001). What drives the 10-year cycle of snowshoe
hares? BioScience, 51, 25-35.

Krebs, C.J. (2011). Of lemmings and snowshoe hares: the ecology of northern Canada. Proceedings of
the Royal Society of London B: Biological Sciences, 278, 481-489.

Krebs, C.J., Bryant, J., Kielland, K., O’Donoghue, M., Doyle, F., Carriere, S., DiFolco, D., Berg, N.,
Boonstra, R., Boutin, S. et al. (2014). What factors determine cyclic amplitude in the snowshoe
hare (Lepus americanus) cycle? Canadian Journal of Zoology, 92, 1039-1048.

Krebs, C.J., Kielland, K., Bryant, J., O’Donoghue, M., Doyle, F., Mclntyre, C., DiFolco, D., Berg,
N., Carriere, S., Boonstra, R., Boutin, S., Kenney, A.J., Reid, D.G., Bodony, K., Putera, J., Timm,
H.K. & Burke, T. (2013). Synchrony in the snowshoe hare (Lepus americanus) cycle in northwestern
North America, 1970-2012. Canadian Journal of Zoology, 91, 562-572.

Krkosek, M., Hilborn, R., Peterman, R.M. & Quinn, T.P. (2011). Cycles, stochasticity and density
dependence in pink salmon population dynamics. Proceedings of the Royal Society B: Biological
Sciences, 278, 2060-2068.

Laird, R.A. & Schamp, B.S. (2009). Species coexistence, intransitivity, and topological variation in
competitive tournaments. Journal of Theoretical Biology, 256, 90-95.

Lambin, X., Krebs, C.J., Moss, R., Stenseth, N.C. & Yoccoz, N.G. (1999). Population cycles and
parasitism. Science, 286, 2425-2425.

Lande, R., Engen, S. & Saether, B. (1995). Optimal harvesting of fluctuating populations with a risk
of extinction. American Naturalist, 145, 728-745.

Lande, R., Engen, S. & Saether, B.E. (2003). Stochastic population dynamics in ecology and conserva-
tion. Oxford University Press, New York, USA.

Liu, R., Gourley, S.A., DeAngelis, D.L. & Bryant, J.P. (2013). A mathematical model of woody plant
chemical defenses and snowshoe hare feeding behavior in boreal forests: the effect of age-dependent
toxicity of twig segments. SIAM Journal on Applied Mathematics, 73, 281-304.

Lomnicki, A. (1995). Why do populations of small rodents cycle? A new hypothesis with numerical
model. Evolutionary Ecology, 9, 64-81.

London, W.P. & Yorke, J.A. (1973). Recurrent outbreaks of measles, chickenpox and mumps i. seasonal
variation in contact rates. American Journal of Epidemiology, 98, 453—468.

26



Louca, S. & Doebeli, M. (2015). Detecting cyclicity in ecological time series. Ecology, 96, 1724-1732.

Lovett, G.M., Christenson, L.M., Groffman, P.M., Jones, C.G., Hart, J.E. & Mitchell, M.J. (2002).
Insect defoliation and nitrogen cycling in forests. BioScience, 52, 335-341.

Maciel, G. & Kraenkel, R. (2014). How population loss through habitat boundaries determines the
dynamics of a predator-prey system. FEcological Complezity, 20, 33—42.

May, R. (1973). Stability and Complezity in Model Ecosystems. Landmarks in Biology Series. Princeton
University Press.

May, R.M. (1974). Biological populations with nonoverlapping generations: stable points, stable cycles,
and chaos. Science, 186, 645-647.

May, R.M. & Leonard, W.J. (1975). Nonlinear aspects of competiton between three species. SIAM
Journal on Applied Mathematics, 29.

McCann, K. (2000). The diversity-stability debate. Nature, 405, 228-233.

McCann, K. & Gellner, G. (2012). Food chains and food web modules. In: Introduction to Theoretical
Ecology. University of California Press.

McCann, K., Hastings, A. & Huxel, G.R. (1998). Weak trophic interactions and the balance of nature.
Nature, 395, 794-798.

McCauley, E., Nelson, W.A. & Nisbet, R.M. (2008). Small-amplitude cycles emerge from stage-
structured interactions in daphnia—algal systems. Nature, 455, 1240-1243.

McKane, A.J. & Newman, T.J. (2005). Predator-prey cycles from resonant amplification of demo-
graphic stochasticity. Physical Review Letters, 94, 218102.

Miller, T.E. & Rudolf, V.H. (2011). Thinking inside the box: community-level consequences of stage-
structured populations. Trends in FEcology & Evolution, 26, 457—-466.

Millon, A., Petty, S.J., Little, B., Gimenez, O., Cornulier, T. & Lambin, X. (2014). Dampening
prey cycle overrides the impact of climate change on predator population dynamics: a long-term
demographic study on tawny owls. Global Change Biology, 20, 1770-1781.

Molofsky, J., Danforth, C. & Crone, E. (2014). Nutrient enrichment alters dynamics in experimental
plant populations. Population Ecology, 56, 97-107.

Moran, P. (1953). The statistical analysis of the canadian lynx cycle. Australian Journal of Zoology,
1, 291-298.

Murdoch, W., Kendall, B., Nisbet, R., Briggs, C., McCauley, E. & Bolser, R. (2002). Single-species
models for many-species food webs. Nature, 417, 541-543.

Myers, R.A., Mertz, G., Bridson, J.M. & Bradford, M.J. (1998). Simple dynamics underlie sockeye
salmon (Oncorhynchus nerka) cycles. Canadian Journal of Fisheries and Aquatic Sciences, 55,
2355-2364.

Nelson, W., Bjgrnstad, O. & Yamanaka, T. (2013). Recurrent insect outbreaks caused by temperature-
driven changes in system stability. Science, 341, 796-799.

New, L., Matthiopoulos, J., Redpath, S. & Buckland, S. (2009). Fitting models of multiple hypotheses
to partial population data: investigating the causes of cycles in red grouse. American Naturalist,
174, 399-412.

Nisbet, R. & Gurney, W. (1976). A simple mechanism for population cycles. Nature, 263, 319-320.

Nisbet, R. & Gurney, W. (1982). Modelling Fluctuating Populations. Blackburn Press.

Nolting, B.C. & Abbott, K.C. (2016). Balls, cups, and quasi-potentials: quantifying stability in
stochastic systems. FEcology, 97, 850-864.

27



Norén, K. & Angerbjorn, A. (2013). Genetic perspectives on northern population cycles: bridging the
gap between theory and empirical studies. Biological Reviews, 89, 493-510.

O’Connor, M.I., Gilbert, B. & Brown, C.J. (2011). Theoretical predictions for how temperature affects
the dynamics of interacting herbivores and plants. American Naturalist, 178, 626—638.

O’Donoghue, M., Boutin, S., Krebs, C. & Hofer, E. (1997). Numerical responses of coyotes and lynx
to the snowshoe hare cycle. Oikos, 80, 150-162.

O’Donoghue, M., Boutin, S., Krebs, C., Zuleta, G., Murray, D. & Hofer, E. (1998). Functional responses
of coyotes and lynx to the snowshoe hare cycle. Ecology, 79, 1193-1208.

Petrovskii, S., Morozov, A., Malchow, H. & Sieber, M. (2010). Noise can prevent onset of chaos in
spatiotemporal population dynamics. European Physical Journal B, 78, 253-264.

Pfaff, T., Brechtel, A., Drossel, B. & Guill, C. (2014). Single generation cycles and delayed feedback
cycles are not separate phenomena. Theoretical Population Biology, 98, 38-47.

Pineda-Krch, M., Blok, H.J., Dieckmann, U. & Doebeli, M. (2007). A tale of two cycles—distinguishing
quasi-cycles and limit cycles in finite predator—prey populations. Oikos, 116, 53—64.

Pinot, A., Barraquand, F., Tedesco, E., Lecoustre, V., Bretagnolle, V. & Gaufire, B. (2016). Density-
dependent reproduction causes winter crashes in a common vole population. Population Ecology,
58, 395-405.

Post, E. (2013). Ecology of climate change: The importance of biotic interactions. Princeton University
Press.

Ranta, E., Kaitala, V. & Lundberg, P. (1997). The spatial dimension in population fluctuations.
Science, 278, 1621-1623.

Reilly, J.R. & Elderd, B.D. (2014). Effects of biological control on long-term population dynamics:
identifying unexpected outcomes. Journal of Applied Ecology, 51, 90-101.

Reuman, D.C., Costantino, R.F., Desharnais, R.A. & Cohen, J.E. (2008). Colour of environmental
noise affects the nonlinear dynamics of cycling, stage-structured populations. FEcology Letters, 11,
820-830.

Rinaldi, S., Muratori, S. & Kuznetsov, Y. (1993). Multiple attractors, catastrophes and chaos in
seasonally perturbed predator-prey communities. Bulletin of Mathematical Biology, 55, 15-35.

Rip, JM.K. & McCann, K.S. (2011). Cross-ecosystem differences in stability and the principle of
energy flux. Ecology Letters, 14, 733-740.

Ripa, J. & Ives, A.R. (2003). Food web dynamics in correlated and autocorrelated environments.
Theoretical Population Biology, 64, 369-384.

Roberts, M.G., Smith, G. & Grenfell, B.T. (1995). Mathematical Models for Macroparasites of Wildlife,
Cambridge University Press, pp. 177-208. Publications of the Newton Institute.

Rohani, P., Keeling, M.J. & Grenfell, B.T. (2002). The interplay between determinism and stochasticity
in childhood diseases. American Naturalist, 159, 469-481.

Roland, J. (1993). Large scale forest fragmentation increases the duration of tent caterpillar outbreaks.
Oecologia, 93, 25-30.

de Roos, A.M., Galic, N. & Heesterbeek, H. (2009). How resource competition shapes individual life
history for nonplastic growth: ungulates in seasonal food environments. Ecology, 90, 945-960.

de Roos, A.M. & Persson, L. (2013). Population and community ecology of ontogenetic development.
Princeton University Press.

Rosenzweig, M. (1971). Paradox of enrichment: destabilization of exploitation ecosystems in ecological
time. Science, 171, 385-387.

28



Rosenzweig, M. & MacArthur, R. (1963). Graphical representation and stability conditions of predator-
prey interactions. American Naturalist, 97, 209-223.

Row, J.R., Wilson, P.J. & Murray, D.L. (2014). Anatomy of a population cycle: the role of density
dependence and demographic variability on numerical instability and periodicity. Journal of Animal
Ecology, 83, 800-812.

Royama, T. (1992). Analytical Population Dynamics. Population and Community Biology Serieszhan.
Springer.

Ruifrok, J.L., Janzen, T., Kuijper, D.P., Rietkerk, M., Olff, H. & Smit, C. (2015). Cyclical succession in
grazed ecosystems: the importance of interactions between different-sized herbivores and different-
sized predators. Theoretical Population Biology, 101, 31-39.

Sah, P., Salve, J. & Dey, S. (2013). Stabilizing biological populations and metapopulations through
adaptive limiter control. Journal of Theoretical Biology, 320, 113-123.

Schmidt, K. & Ostfeld, R. (2008). Numerical and behavioral effects within a pulse-driven system:
consequences for shared prey. Ecology, 89, 635-646.

Sharma, Y., Abbott, K.C., Dutta, P.S. & Gupta, A.K. (2015). Stochasticity and bistability in insect
outbreak dynamics. Theoretical Ecology, 8, 163-174.

Shelton, A. & Mangel, M. (2011). Fluctuations of fish populations and the magnifying effects of fishing.
Proceedings of the National Academy of Science, 108, 7075-7080.

Sheppard, L.W., Bell, J.R., Harrington, R. & Reuman, D.C. (2016). Changes in large-scale climate
alter spatial synchrony of aphid pests. Nature Climate Change, 6, 610-613.

Sheriff, M., Krebs, C. & Boonstra, R. (2010). The ghosts of predators past: population cycles and the
role of maternal programming under fluctuating predation risk. Ecology, 91, 2983-2994.

Sheriff, M.J., Krebs, C.J. & Boonstra, R. (2011). From process to pattern: how fluctuating predation
risk impacts the stress axis of snowshoe hares during the 10-year cycle. Oecologia, 166, 593—605.

Sherratt, J., Smith, M. & Rademacher, J. (2009). Locating the transition from periodic oscillations to
spatiotemporal chaos in the wake of an invasion. Proceedings of the National Academy of Sciences,
106, 10890-10895.

Sherratt, J.A. & Smith, M.J. (2008). Periodic travelling waves in cyclic populations: field studies and
reaction—diffusion models. Journal of The Royal Society Interface, 5, 483—-505.

Sinclair, A.R., Gosline, J.M., Holdsworth, G., Krebs, C.J., Boutin, S., Smith, J.N., Boonstra, R. &
Dale, M. (1993). Can the solar cycle and climate synchronize the snowshoe hare cycle in Canada?
Evidence from tree rings and ice cores. American Naturalist, pp. 173-198.

Sinervo, B. & Lively, C.M. (1996). The rock-paper-scissors game and the evolution of alternative male
strategies. Nature, 380, 240.

Smith, M.J., White, A., Lambin, X., Sherratt, J.A. & Begon, M. (2006). Delayed density-dependent
season length alone can lead to rodent population cycles. American Naturalist, 167, 695-704.

Spencer, P.D. & Collie, J.S. (1996). A simple predator—prey model of exploited marine fish populations
incorporating alternative prey. ICES Journal of Marine Science: Journal du Conseil, 53, 615-628.

Stenseth, N.C., Ehrich, D., Rueness, E.K., Lingjeerde, O.C., Chan, K.S., Boutin, S., O’'Donoghue, M.,
Robinson, D.A., Viljugrein, H. & Jakobsen, K.S. (2004). The effect of climatic forcing on population
synchrony and genetic structuring of the canadian lynx. Proceedings of the National Academy of
Sciences, 101, 6056-6061.

Stenseth, N.C., Falck, W., Bjgrnstad, O.N. & Krebs, C.J. (1997). Population regulation in snowshoe
hare and Canadian lynx: asymmetric food web configurations between hare and lynx. Proceedings
of the National Academy of Sciences, 94, 5147-5152.

29



Stenseth, N.C., Gustafsson, T.O., Hansson, L. & Ugland, K.I. (1985). On the evolution of reproductive
rates in microtine rodents. Ecology, 66, 1795-1808.

Stenseth, N.C., Mysterud, A., Ottersen, G., Hurrell, J W., Chan, K.S. & Lima, M. (2002). Ecological
effects of climate fluctuations. Science, 297, 1292-1296.

Stieha, C., Abbott, K. & Poveda, K. (2016). The effects of plant compensatory regrowth and induced
resistance on herbivore population dynamics. American Naturalist, 187, 167-181.

Strohm, S. & Tyson, R. (2009). The effect of habitat fragmentation on cyclic dynamics: a numerical
study. Bulletin of Mathematical Biology, 71, 1323-1348.

Sugihara, G., May, R., Ye, H., Hsieh, C.h., Deyle, E., Fogarty, M. & Munch, S. (2012). Detecting
causality in complex ecosystems. Science, 338, 496-500.

Svanbick, R., Pineda-Krch, M. & Doebeli, M. (2009). Fluctuating population dynamics promotes the
evolution of phenotypic plasticity. American Naturalist, 174, 176-189.

Taylor, R.A., Sherratt, J.A. & White, A. (2013a). Seasonal forcing and multi-year cycles in interacting
populations: lessons from a predator—prey model. Journal of Mathematical Biology, 67, 1741-1764.

Taylor, R.A., White, A. & Sherratt, J.A. (2013b). How do variations in seasonality affect population
cycles? Proceedings of the Royal Society B: Biological Sciences, 280.

Tilman, D. & Wedin, D. (1991). Oscillations and chaos in the dynamics of a perennial grass. Nature,
353, 653.

Tomé, T. & de Oliveira, M.J. (2009). Role of noise in population dynamics cycles. Physical Review E,
79, 061128.

Tung, S., Mishra, A. & Dey, S. (2014). A comparison of six methods for stabilizing population dynamics.
Journal of Theoretical Biology, 356, 163-173.

Tung, S., Mishra, A. & Dey, S. (2016a). Simultaneous enhancement of multiple stability properties
using two-parameter control methods in Drosophila melanogaster. FEcological Complexity, 26, 128—
136.

Tung, S., Mishra, A. & Dey, S. (2016b). Stabilizing the dynamics of laboratory populations of
Drosophila melanogaster through upper and lower limiter controls. Fcological Complexity, 25, 18-25.

Turchin, P. (2003). Complex Population Dynamics: A Theoretical/Empirical Synthesis (MPB-35).
Princeton University Press, Princeton, USA.

Turchin, P. & Batzli, G. (2001). Availability of food and the population dynamics of arvicoline rodents.
FEcology, 82, 1521-1534.

Turchin, P. & Hanski, I. (1997). An empirically based model for latitudinal gradient in vole population
dynamics. American Naturalist, 149, 842-874.

Tyson, R., Haines, S. & Hodges, K. (2010). Modelling the Canada lynx and snowshoe hare population
cycle: the role of specialist predators. Theoretical Ecology, 3, 97-111.

Tyson, R.C. & Lutscher, F. (2016). Seasonally varying predation behavior and climate shifts are
predicted to affect predator-prey cycles. American Naturalist, 188, 539-553.

Vik, J.O., Brinch, C.N.; Boutin, S. & Stenseth, N.C. (2008). Interlinking hare and lynx dynamics
using a century’s worth of annual data. Population Ecology, 50, 267-274.

Vitense, K., Wirsing, A., Tyson, R. & Anderson, J. (2016). Theoretical impacts of habitat loss and
generalist predation on predator-prey cycles. FEcological Modelling, 327, 85-94.

Wearing, H.J., Sait, S.M., Cameron, T.C. & Rohani, P. (2004). Stage-structured competition and the
cyclic dynamics of host—parasitoid populations. Journal of Animal Ecology, 73, 706-722.

30



White, J., Botsford, L., Hastings, A. & Holland, M. (2014). Stochastic models reveal conditions for
cyclic dominance in sockeye salmon populations. Ecological Monographs, 84, 69-90.

Wiesenfeld, K. (1985). Noisy precursors of nonlinear instabilities. Journal of Statistical Physics, 38,
1071-1097.

Yan, C., Stenseth, N.C., Krebs, C.J. & Zhang, Z. (2013). Linking climate change to population cycles
of hares and lynx. Global Change Biology, 19, 3263-3271.

Yang, L.H. (2004). Periodical cicadas as resource pulses in North American forests. Science, 306,
1565-1567.

Yoshida, K. (2006). Ecosystem models on the evolutionary time scale: a review and perspective.
Paleontological Research, 10, 375-385.

Yoshida, T., Jones, L.E., Ellner, S.P., Fussmann, G.F. & Hairston, N.G. (2003). Rapid evolution drives
ecological dynamics in a predator—prey system. Nature, 424, 303-306.

31



Figures

current research direction 2

zooming in: demography and trait evolution

o
w
-
O
>
(&)
L
S| -
{-g zooming out: higher dimensional ( core framework ) effects of environmental and
3 systems pairwise interactions demographic stochasticity
(&)
A A ey
__/ U J U J J
current research direction 4
APPLICATIONS: changing patterns, consequences for biodiversity, management

Fig. 1: Key areas in theoretical and statistical population cycle research. In panel 2, we represent flows
of individuals between juvenile (top) and adult (bottom) compartments. S: survival, R: reproduction, M:

maturation processes.
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Fig. 2: (a) Snowshoe hare densities in spring (black curve) and lynx snow track densities during winter (grey
curve), in Kluane Lake area, Northern Canada. Lynx winter densities are plotted over the year of the next
spring. Data from Krebs (2011). Dashed circles indicate troughs of the hare cycle, which remain poorly
understood. (b) Prey (N) and predator (P) population densities (relative to the prey carrying capacity K)
during predator-prey cycles according to the Rosenzweig-MacArthur model (Supplementary Appendix S1).
Time is relative to the inverse intrinsic prey growth rate. K = r/a is the prey carrying capacity. Parameters:
r=1,a=1¢=5 D =04, e = 0.1, p = 0.1 (equations in Supplementary Appendix S1). Unless the
parameters are tweaked to unrealistic values, the predator-prey lag remains different in (a) and (b). However,

lynx snow tracks imperfectly reflect lynx densities, thus the true lag is unknown.
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Fig. 3: Behavior of a stochastically forced predator-prey system (the Bazykin model, a variant of the RM model

with a self-regulated predator; equations in Supplementary Appendix S1). The model can exhibit, depending

on parameter values, (a) damped oscillations (e = 1.4,0 = 0), (b) noisy limit cycles (e = 1.9,0 = 20) or (c)

phase-forgetting noise-sustained oscillations (e = 1.4, 0 = 20). For all simulations K = 1,r =1, K, = 100,¢c =

2,d = 0.2,u = 2 (equations in Supplementary Appendix S1). Population sizes for prey and predators are

independently rescaled to arbitrary units.
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Fig. 4: Phase planes of stochastic predator-prey models: (a) Phase plane generated by noise-sustained oscilla-

tions, concentrated around the deterministic equilibrium. (b) Phase plane generated by a limit cycle perturbed

by noise, concentrated around the periodic trajectory. In both figures, overlapping dots appear darker.
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Fig. 5: (a—c): Fluctuating time series (gray curves) generated by stochastic models showing: (a) Irregular, non-
periodic fluctuations around an equilibrium, (b) noise-sustained oscillations around a stable focus perturbed
by white noise and (c) flickering in a bistable system subject to white noise. Solid and dashed lines represent

stable and unstable equilibria, respectively. In all 3 cases, noise is essential for the emergence of the observed

fluctuations.
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