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Ecology is a relative young scientific field. Its name was first intro-
duced by Haeckel in 1866 [Haeckel 1866], but it has been argued that it be-
came known to the general public only around the 1960s [McIntosh 1985].
Of course, ecology has been a much older subject, even before the 18th
hundreds with the works of Darwin, van Humboldt and the like. Yet,
what all these giant naturalists-thinkers did at that time, it was to make
sense out of the complex nature of Nature. Only later in the 20th cen-
tury, Lotka and Volterra revolutionised the field by introducing mathemat-
ical theory [Volterra 1926, Lotka 1925] to be confirmed by the experiments
of Gause [Gause 1934] and to be stepped up by great theoreticians like
Hutchinson [Hutchinson 1961], McCarthur [MacArthur & Wilson 1967] and
May [May 1973]. Since then, ecologists are striving with the idea of universal
theories to understand Nature that is envying the laws of physics in an at-
tempt to make Ecology a "basic" scientific field. Yet, in his McArthur Award
seminar at the ESA in 2013 "Theoretical inference from models and data",
Tony Ives claimed that perhaps it is not the right question to ask if "laws"
exist or not. In fact, understanding ecological systems might be a far more
complex task that needs to be tackled case-by-case; context matters. To some
this may not seem satisfactory for what ecology should be as a science. But
the thing is that we are facing major ecological crises: the loss of biodiversity,
the emergence of new pathogens and diseases, global climate change. All these
challenges need solutions now, even if we do not fully understand the "laws"
that govern them.

I have accepted and endorsed such "compromise". In the pages that follow
I describe work that basically tries to make sense of patterns hidden in obser-
vations but seen through the lens of specific (mathematical) theories: what
I call a pattern-to-process approach. Obviously this translation suffers from
biases and uncertainties that are hard to test, as in Nature experimentation
and replication under constant conditions is impossible at large scales. Yet,
the ambition remains that what we can conclude following this path can per-
haps get us closer not only to understanding but also to solving part of the
environmental challenges we are facing.

In Chapter 1, I present the theory of tipping points, the mechanisms and
formalisms used to describe them. In particular, I exemplify the concept of
alternative states and catastrophic shifts in the case of shallow lake ecosys-
tems. I highlight different approaches for exploring the existence of alternative
states and tipping points in ecological systems, and focus on cascading tipping
events from ecological to biogeochemical processes in coastal ecosystems.

In Chapter 2, I focus on my long-term work on resilience indicators (or
early-warning signals). I summarize the logic, the methods, the challenges,
and the novel approaches for measuring resilience, and I illustrate different
ways we can use resilience estimations through a number of case-studies.
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In Chapter 3, I present how trait variation and trait evolution are impor-
tant for understanding tipping points that can lead to an eco-evolutionary
framework for the study of tipping points. I also briefly present how genetic
signals could be used to detect speciation events.

In Chapter 4, I go beyond the strict context of tipping points and alterna-
tive states and I showcase how we can broad our scope in understanding and
assessing changes and responses to stress in a variety of ecological systems.

In Chapter 5, I present my future research plan that involves the practical
application of the metrics and methods of quantifying resilience for informing
and guiding ecosystem management. I propose a computational cloud-based
resilience sensing system that could be used to detect ecological surprises.

My research has benefited from the support and interactions within my
team BioDICée at ISEM in Montpellier University, as well as within the EERI
team of iEES at Sorbonne University that hosted me during my stay in Paris.
I am grateful to the people in both teams as they have helped me to build my
research (and my life in France) in the last five years since I joined CNRS.

None of what I present here would have been possible without the fantastic
collaborators as well as brilliant students who have been inspiring and helping
me during the last 10 years that I started consider myself a scientist/ecologist.
This book is dedicated to all of them.
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Scientific Work





Chapter 1
Tipping Points, Alternative Stable

States, and Ecological Resilience
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1.1 Context

Tipping points, catastrophes, regime shifts, collapse and their derivatives have
become increasingly popular in the ecological and climate science (but not
only). The climate and environmental crises, in combination with social unex-
pected upheavals (aka Arab spring), the global financial meltdown of 2008, and
very recently the outbreak of the Covid pandemic have all contributed to the
popularity of the terms. For some, these examples have proven the universality
of specific dynamics and patterns that could be transferable across seemingly
disparate fields [May et al. 2009]. The narrative reminds of the popularisation
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of catastrophe theory when Christopher Zeeman was trying to describe eco-
logical, behavioral and social dynamics as catastrophes [Zeeman 1976]. That
story did not end that well, as the effort to fit a catastrophe everywhere lost
its credibility [Kolata 1977]. Later, in 2000 Malcolm Gladwell published his
best-selling book ’The Tipping Point’, where he described also the generic
truth in small changes making a big difference [Gladwell 2000]. In this case,
there was no catastrophe theory behind the concept, but the identification
of a strong positive feedback [van Nes et al. 2016]. Nowadays, although the
concept of catastrophic shifts has revived [Scheffer et al. 2001, Petraitis 2013]
and there exist the tendency to see tipping points more often than before, we
have learned our lessons and we have worked hard to provide a more complete
and robust description and framework to guard-rail against becoming (again)
the crying wolf of ecological crises.

This chapter is about the theory of tipping points, the mechanisms and
formalisms used to describe them. In particular, I present the case of shal-
low lake ecosystems that is the classical example of the concept of alternative
states and catastrophic shifts in ecology. In the rest of the chapter, I high-
light some recent studies where using different approaches together with my
colleagues we have argued for the existence of alternative states and tipping
points in different ecological systems. I will end by describing the work we
started on linking cascading tipping events from ecological to biogeochemical
processes in coastal ecosystems.

1.2 What is a tipping point (and what is not)?

1.2.1 Definition

Tipping points mark the shift between contrasting system states that occur
when thresholds are crossed triggering an accelerating transition from the cur-
rent to the contrasting state [van Nes et al. 2016]. What makes tipping points
special from other types of responses can be summarised in Fig. 1.1. In most
cases, ecological responses to environmental change are gradual, predictable
and even manageable (Fig. 1.1a). But ecological responses may also follow
abrupt, unexpected patterns (Fig. 1.1b), if there is a threshold at which
change is strongly nonlinear: disproportional to an incremental change in ex-
ternal conditions. Such strong nonlinear responses (small change-big effect)
can even result in irreversible changes in ecological functions and services (Fig.
1.1c). That is what tipping point responses are about. A small perturbation,
either in the direction of environmental stress or ecosystem state (dotted ar-
rows in Fig. 1.1c), crosses a threshold and the current state (state A) stops
being the attracting state. Instead, the system follows a trajectory (black
arrows in Fig. 1.1c) that leads it to the alternative state (state B). Between
these two bifurcation points (F1 and F2), the system is bistable meaning that
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it can be found in one of the two alternative stable states. This difference in
environmental conditions that mark the forward and backward shift is called
hysteresis. The stronger the hysteresis, the more difficult it is to recover an
ecosystem back to its previous state.
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Figure 1.1: Ecosystem responses to gradual changes in environmental
stress a) Gradual and reversible response: Changes occur in an expected way. b)
Abrupt but reversible response: ecosystems react in an abrupt but continuous man-
ner. c) Abrupt and irreversible response: A discontinuous and unexpected change
takes place. As conditions approach the tipping point (catastrophic (fold) bifurca-
tion, F1), the basin of attraction shrinks until only a tiny perturbation can tip the
ecosystem to the alternative state. Black arrows show ecosystem trajectories. Open
circles mark the critical thresholds at which unexpected shifts occur (catastrophic
bifurcations or tipping points). Dotted lines in (c) represent the border between the
basins of attraction of the two alternative stable states. Dotted arrows represent a
perturbation in the direction of the environmental stress (e.g. increase in temper-
ature) that crosses the fold bifurcation (F1), or in the direction of the ecosystem
state (e.g. decrease in biomass) that crosses the border between the two basins of
attraction. In both cases, the system will tip to the alternative state B.

Mathematically, these tipping point transitions are related to saddle-
node or fold bifurcation points [Strogatz 1994] (see also 5.9). They are also
called catastrophic because they mark an unexpected and radical change in
the equilibrium state of a system. Saddle-node bifurcations arise in sys-
tems where strong positive feedbacks drive the establishment of alterna-
tive stable states [van Nes et al. 2016, Petraitis 2013]. Such feedbacks have
been defined as “processes where changes in the state feedback to the in-
put” [DeAngelis et al. 1986]. Feedbacks can be either negative (stabilizing or
dampening change), or positive (self-enforcing or magnifying change). Ap-
proaching a catastrophic bifurcation the stabilising (negative) feedback of the
current state becomes weaker, whereas the self-enforcing (positive) feedback
that will cause the shift to the alternative state becomes stronger.

Although tipping points are usually related to the existence of a catas-
trophic bifurcation, it does not necessarily require the existence of an alter-
native state. It is the existence of the self-propagating positive feedback that
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is the fundamental property of a tipping point. For instance, it might be that
when crossing a threshold a positive feedback kicks in resulting in the perpet-
ual decrease (or increase) of the system state until the system equilibrates (or
not) to an unknown (but not alternative) state - this could be the example
of the compost-bomb: the run-away warming effect of CO2 and temperature
that pushes the release of soil carbon from its current equilibrium towards an
unknown (but not necessarily alternative) state [Luke & Cox 2011].

In fact, what is and what is not a tipping point is a more general discus-
sion as a lot of abrupt shifts (typically called also regime shift,s i.e. per-
sistent abrupt changes) may appear as tipping points when they are not
[Scheffer et al. 2001, Andersen et al. 2009, Ratajczak et al. 2018]. There is
a plethora of mechanisms to explain a regime shift that may not neces-
sarily involve crossing a bifurcation [Bestelmeyer et al. 2011]. For instance,
abrupt changes in patterns of environmental drivers, like PDO variability,
may have caused big changes in North Pacific fisheries [Hare & Mantua 2000],
although similar shifts could also have been incurred by slowly drifting (‘cor-
related’) climatic conditions alternating between extremes, or just stochas-
tic events [Steele 2004, Rudnick & Davis 2003]. Such variability may have
pushed plankton species in and out of their growth optima that shows up
as a regime shift on a community level [Beaugrand 2015]. More likely,
the majority of marine regime shifts documented in the North Atlantic
[Beaugrand 2004] or the Baltic Sea [Moellmann & Diekmann 2012], is driven
by a combination of processes involving slowly changing environmental and
anthropogenic pressures, climatic events, and complex internal biological pro-
cesses [deYoung et al. 2008].

1.2.2 Tipping points and Regime shifts

To clarify this point, I present six typical mechanisms that may trigger regime
shifts, where three of them are related to tipping points, whereas the other
three not necessarily (the list is not exhaustive). The difficulty in identifying
what is and what is not a tipping-point related response stems from the fact
that typically we are confronted with system responses as a function of time
(Fig. 1.2), rather than external conditions (Fig. 1.1). It is the latter that
helps to infer the nature of the abrupt transition [Ratajczak et al. 2018]. I
come back to this in Sec. 1.5.

Slow environmental change towards a bifurcation point - (B-tipping)

The slow directional drift of an environmental driver towards a fold bifurca-
tion (also called Bifurcation-tipping or B-tipping [Lenton 2013]) is the classical
case of a regime shift related to a tipping point [Scheffer et al. 2001]. The shift
is permanent meaning that recovery to the previous state is possible only by
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restoring environmental conditions, while in the presence of weak environmen-
tal stochasticity, the ecosystem shifts almost at the threshold (Fig. 1.2a).

Noise-induced transitions - (N-tipping)

When environmental stochasticity is strong, a regime shift may occur even if
the fold bifurcation is not crossed (Fig. 1.2b). Instead it is the crossing of
the boundary between the two alternative states (Fig. 1.1c) that causes the
shift. This is termed as noise-induced tipping (or N-tipping) [Lenton 2013].
In cases of strong external disturbances, the system may shift back and for-
ward between the alternative states, a phenomenon termed as noise-induced
flickering [Dakos et al. 2013].

Rate-dependent transitions - (R-tipping)

This regime shift differs from the previous two as it does not require the
crossing of a tipping point nor the existence of stochasticity and it is termed
rate-depended tipping [Ashwin et al. 2011]. In this case, when the environ-
mental driver is changing above a threshold rate, it can "push" the system
into a region in state-space that kicks in a run-away (positive feeback) pro-
cess so that the system "leaves" the current attractor. It is possible that
the shift is reversible (meaning that the system returns back to the attrac-
tor after some time), or end ups in an alternative attractor, or keeps its
run-away course (Fig. 1.2c). This type of shift is less explored compared
to the previous two, although the rate-sensitivity of ecological models has
been recently documented [Siteur et al. 2016, van der Bolt & van Nes 2021,
O’Keeffe & Wieczorek 2020].

Slow-fast cyclic transitions

Some systems have intrinsic cycles caused by the interaction between fast and
slow variables. Such cycles tend to have relatively abrupt transitions but al-
though these can be attributed to B-tipping, the alternative ‘states’ in such
cycles are not stable (Fig. 1.2d). Instead, each time the ecosystem shifts, a
negative feedback starts to operate “moving” environmental conditions back-
wards until a shift to the previous state takes place - in other words the en-
vironmental driver is not independent but interacts with the ecosystem state
[Rinaldi & Scheffer 2000]. Such a scenario causes a sequence of abrupt swings
between the two states, as observed for instance in cyclic shifts between a veg-
etated and a barren state in lakes [van Nes et al. 2007], in repeated outbreaks
of forest pests [Ludwig et al. 1978], or the whelk-lobster alternate states in
marine benthic communities [Barkai & Mcquaid 1988], even though there are
no formal bifurcation points within such cycles.



12 Chapter 1. Tipping Points

Long transient upon extreme events

In other cases, external disturbances are exceptionally strong (extreme
events). As a result an ecosystem may be pushed far away from its present
state but without necessarily being trapped to an alternative state. For in-
stance a hypoxia event or a pathogen outbreak may wipe out almost com-
pletely a fish population, but that population may rebound. Although in the
short term this change would appear as a regime shift, in reality it is only an
extreme event (Fig. 1.2e).

Strong stepwise changes in external conditions

The simplest mechanism to create a regime shift, is when big stepwise changes
sometimes occur in environmental conditions (Fig. 1.2f). If these changes are
permanent, the ecosystem state will move to a new state. Such strong perma-
nent changes could occur regardless of the type of system response (Fig. 1.1)
and could involve an alternative attractor or not [Andersen et al. 2009].

Although the above mechanisms are fundamentally different, from a prag-
matic point of view, such differences may not be all too relevant as there is
typically a combination of mechanisms acting at the same time. It is the rel-
ative role of stochastic shocks and change in environmental drivers that will
determine the nature of the shift.

1.3 The stability landscape for linking tipping points
and ecological resilience

A closely related concept to a tipping point is that of ecological resilience. In
fact, it is difficult one to talk about tipping points without talking as well
about ecological resilience (or simpler resilience, but see Box 1.1). Ecological
resilience is defined as the magnitude of disturbance that can be absorbed
before the system changes state (in terms of structure and/or functioning)
[Holling 1973]. One way to illustrate ecological resilience is by using a stability
landscape (Fig. 1.3). A stability landscape of valleys and hilltops (also called
balls-and-cups diagram) is a useful physical approximation for understanding
resilience concepts [Beisner et al. 2003]. Valley bottoms correspond to stable
states (where a ball, representing the current system state, will eventually end
up). A landscape with several valleys reflects a system with several alternative
stable states. Hilltops mark the unstable states (or saddle points) that set the
borders between the different valleys (Fig. 1.3).

Shifts from one valley to another can take place in two ways and correspond
to two types of tipping points presented in Sec. 1.2.2. First, when changes
in conditions alter the shape of the stability landscape itself by shrinking the
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Figure 1.2: Regime shifts with and without tipping points Different mecha-
nisms can lead to regime shifts related or not to a tipping point. Black lines indicate
time series of ecosystem state, red lines time series of underlying environmental con-
ditions. Dashed horizontal line indicates the threshold of the environmental driver
where a tipping point takes place. Note such threshold may not exist in some cases.
Modified from [Dakos et al. 2015].

current valley to disappearance so that the alternative valley becomes the
only possible state. In that case, changes in conditions reflect changes in
the environment or interactions that affect processes between state variables,
such as an increase in competition strength between species, or an increase in
habitat fragmentation. That is the case of a bifurcation-tipping (B-tipping).
Second, when a disturbance pushes the ball beyond the neighboring hilltop
(Fig. 1.3). A disturbance reflects changes in the state variables of the system,
such as a sudden loss of a species biomass due to a mass mortality event like
a fire, or an increase of a population abundance due to migration. That is
the case of a noise-induced tipping (or flickering). In the third type of rate-
dependent tipping, change in an external parameter (not a disturbance on the
state) could push the system state outside of its current basin of attraction
to the alternative but without changing the stability landscape (the hills and
valleys) [Siteur et al. 2016].

The balls-and-cups representation is a useful concept to apprehend
the idea of the stability landscape and its link to ecological resilience
[Beisner et al. 2003]. The geometrical properties of the stability landscape
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are defining the basic properties of resilience [Walker et al. 2004] (Fig. 1.3):
a) the size (area or volume) , b) the depth, and c) the slopes of the each basin
of attraction. Altogether these properties define the ability of the system to
withstand disturbances without shifting to a different state (i.e. its ecological
resilience). In Ch. 2, I describe the ways that have been developed to link
resilience derived from the properties of the stability landscape to detecting
tipping point responses.
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Figure 1.3: A (hypothetical) stability landscape of a two-dimensional system with
hilltops and valleys, also known as a marble-in-a-cup or balls-and-cups landscape.
Black balls are found in the bottom of the valley and represent stable states (if
disturbed the ball will ‘gravitate’ towards the bottom of the valley). White balls
are found on the hilltops and represent unstable states (if disturbed they will move
away from their hilltop position. From [Dakos & Kefi 2022]
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Box 1.1: Defining resilience: the two paradigms of local vs
non-local stability

Resilience has been used across multiple scientific disciplines
[Baggio et al. 2015], each with a different understanding of what
resilience means [Angeler & Allen 2016, Walker 2020]. Within
the ecological literature, resilience has been defined in multiple
ways [Grimm et al. 1997], and sometimes the same definition has
even been applied in different ways across different ecosystems
[Yi & Jackson 2021]. Now – at least in ecology – two definitions of
resilience dominate in the literature : engineering resilience, and eco-
logical resilience. The first definition describes the stability of a system
near an equilibrium state. It is typically measured as the ability of an
ecosystem to recover to its original state after a small perturbation and
the speed at which it does so [Pimm 1984]. It is a classical measure of
local stability. This has also been referred to as ‘engineering resilience’
in the ecological literature [Holling 2000]. The second definition focuses
on cases where disturbances are not small and thus the system may
not return to its current equilibrium but it may flip to another state.
Resilience can then be evaluated as the magnitude of disturbance that
can be absorbed before the system changes state (in terms of structure
and/or functioning). This has been termed ‘ecological resilience’
[Holling 1973] and it is typically referred to as ‘Holling’s resilience’.
Mathematical descriptions of Holling’s resilience have appeared almost
as early as the concept was suggested [Grumm 1976] and different ways
for assessing resilience have been developed across ecological and social
sciences [Gunderson 2000, Cumming et al. 2005, Carpenter et al. 2001,
Thrush et al. 2009, Folke 2016].

The major difference between the two definitions of resilience is the
underlying assumption that systems can either have a single (glob-
ally) stable state or multiple (locally) stable states (Fig. Box 1).
When proposed by Holling in 1973, the concept of ecological resilience
was introducing a new dimension of ecological stability contrasting
with the more traditional concept of local stability which assumes
that systems have a single attractor to which they return to follow-
ing any type of perturbation. Holling’s concept reflected an exten-
sion of Odum’s paradigm of a homeostatic mechanism that acts as an
ecosystem regulator at equilibrium [Odum 1969], while at the same time
formalising earlier concepts of threshold changes and buffers of popu-
lation dynamics [Errington 1945]. Over time, the two definitions of
resilience became almost two different ‘world-views’ of ecological stabil-
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(Box 1.1, continued)

ity [Van Meerbeek et al. 2021], occasionally leading to different, some-
times confusing (e.g. [Hodgson et al. 2015]), or even conflicting (e.g.
[Pimm et al. 2019]) interpretations in the ecological literature.
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Figure Box 1.1 Local vs global stability: a locally stable equilibrium can
also be globally stable when the system always converges to the same
equilibrium (illustrated with the black point) regardless from its starting
point (the black line reflects an example of a trajectory in state-space)
(a). In contrast, an equilibrium can be locally stable but globally unstable
if only the trajectories starting from a subset of starting points converge
to it, while other trajectories converge toward another state (b). In
that case, there are more than one possible stable equilibria (two in this
example). Non-local stability refers to what happens beyond the close
neighborhood of the equilibrium (without necessarily investigating the
whole state-space). From [Dakos & Kefi 2022]

1.4 The classical example of alternative stable states in
shallow lakes

Tipping points can occur at population level (e.g. due to Allee effects
[Dai et al. 2012]) and community level (e.g. due to priority effects and com-
petition [Petraitis et al. 2010]), but it is at the ecosystem scale that tip-
ping points are most prominently studied because they can incur long-term
disruption to vital ecosystem services [Barnosky et al. 2012]. For example,
coral reefs get overgrown by macroalgae [Knowlton 1992], fisheries collapse
due to overexploitation [Beddington & May 1977], tropical forests shift to
savanna-type ecosystems under high fire intensity [Staver et al. 2011], dry-
land vegetation may shift irreversibly to a desert state due to increased aridity
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[Reynolds et al. 2007].
But it is the case of shallow lakes that constitutes the most classical ex-

ample of alternative states at the ecosystem scale. In shallow lakes (lakes no
more than 6m deep), dominance of aquatic macrophytes prevents the growth
of algae by removing nutrients (phosphorus) from the water column that leads
to the establishment of a stable clear water state. When phosphorus loading
exceeds a critical threshold macrophytes cannot successfully retain phospho-
rus, algae start to grow and lake turbidity increases. Rising turbidity kicks
a vicious cycle: it hinders the growth of macrophytes but facilitates algae
concentration in a self-enforced positive feedback loop (less macrophytes =>
more algae => more turbidity => less macrophytes and so on) that leads
to the collapse of macrophytes and the establishment of a contrasting turbid
lake state.

Positive Feedbacks and Hysteresis in Shallow Lakes

In shallow lakes multiple positive feedbacks play out to determine the ob-
served alternative states: submerged plants suppress algal growth by decreas-
ing nutrient concentrations, as well as by secreting algal-repressing substances
(Scheffer and Jeppesen, 1998; Fig. 1.4A and B). At the same time, low turbid-
ity facilitates the establishment and growth of submerged plants, leading to
a stabilizing positive feedback loop (Fig. 1.4D). However, if submerged plants
are removed or if nutrient load increases stabilizing feedbacks supporting the
dominance of submerged macrophutes are weakened and the system shifts to
the turbid state. This occurs through a self-enforced positive feedback, where
less submerged plants lead to less-efficient nutrient uptake, leading to algal
growth, causing shading which further suppresses submerged plant growth
(Fig. 1.4C). Once the turbid-state is reached, a stabilizing (negative) feed-
back takes place where turbidity enhances turbidity. To return to the clear
water state, the road to recovery is much more difficult due to hysteresis.

As we reviewed in a recent book chapter [Kosten et al. 2021], hysteretic
effects have been observed in inland waters, like for example, in Lake Veluwe
in the Netherlands. Lake Veluwe went through several regime shifts over
a period of 30 years [Meijer 2000]. Three alternative stable states occur in
this lake: (1) a clear, submerged plant dominated state; (2) an intermediate
state in which clear and turbid lake areas coexist, and turbidity is caused
by sediment resuspension rather than phytoplankton blooms; (3) a turbid,
phytoplankton dominated state arising from excess phosphorus (P) loads. In
this lake, the road to recovery was considerably more difficult than the road
to deterioration. Submerged plants disappeared at total phosphorus (TP)
concentrations above 0.20 mg L-1, whereas they only returned when TP was
decreased to below 0.10 mg L-1 [Ibelings et al. 2007]. After reducing P-loads,
an intermediate state occurred where shallow areas of the lake were clear and
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Figure 1.4: Positive feedbacks in shallow lakes Different self-enforcing (pos-
itive) feedback loops in a shallow lake, arising from positive (green arrows) and
negative (red arrows) interactions in the network (A). Vegetation has a negative
effect on turbidity (B, D), while turbidity has a negative effect on vegetation (C).
Reproduced from [Kosten et al. 2021].

recolonized by Chara spp., whereas deeper areas of the lake remained turbid
through sediment resuspension by wind action and benthivorous fish. True
lake-wide water clarity only occurred after substantially reducing numbers of
benthivorous fish. This type of hysteretic behavior in which an intermediate
recovery state or unstable clear state occurs is commonly observed in tur-
bid, north-temperate shallow lakes on the road to recovery [Hilt et al. 2018].
In fact, it implies that the idealised normal form of two distinct alternative
states is not what is empirically observed, as the timescale of system changes
inevitably causes (transient) trajectories that could "linger" along the path
from one to the other state [Hastings et al. 2018] where the history of dis-
turbances eventually could turn alternative stable into alternative unstable
stables [Fukami & Nakajima 2011].

1.5 Identifying tipping points and alternative stable
states

Regime shift detection has been perhaps the most used approach for in-
ferring the existence of alternative states. However, as we described in
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Sec. 1.2.2, the existence of a regime shift is not necessary proof of a tip-
ping point. Thus, the detection of shifts in a dataset (in a timeseries or
along a gradient) is only a first diagnostic indicating that there could be
underlying bistability. Regime shift detection is typically done using break-
point analysis [Andersen et al. 2009]. There is a wealth of methods and sta-
tistical software for conducting breakpoint analysis based either on statisti-
cal tests [Beaulieu et al. 2012, Verbesselt et al. 2010], fitting threshold-GAMs
(General Additive Models) [Ciannelli et al. 2004], or threshold auto-regressive
models to the data [Ives & Dakos 2012, Gröger et al. 2011]. In parallel to
regime shift detection, other approaches should be applied ranging from iden-
tifying mechanisms to performing experiments [Scheffer & Carpenter 2003,
Petraitis 2013]. Here, I will highlight work where together with colleagues
we argued for the existence of alternative states (and tipping points between
them) based on different approaches.

1.5.1 From mapping positive feedbacks

The first approach for identifying the existence of tipping points that could
lead to shifts between alternative states is to explore the presence of positive
feedbacks in the system study. Such mechanistic understanding is the basic
step in arguing for the true nature of tipping points when observed in empirical
data, but also for speculating on the potential emergence of tipping points in
the face of global change. For example, together with Tanya Latty in an
Australian funded project on beehive dynamics,

Funding (2019-2021) ARC Discovery International Award. Topic “A
complex systems approach to preventing colony failure in honey bees”.
(Partner)

we reviewed the literature to identify strong positive feedbacks at three levels
of organisation of pollination systems: colony, population, and community
[Latty & Dakos 2019]. We argue that such feedbacks can lead to tipping point
responses and in particular they could propagate from one level to the next
in what is called a tipping cascade [Klose et al. 2021, Rocha et al. 2018] (for
an example see Sec. 1.6).

Given that such feedbacks are established we can incorporate them into
mechanistic models to test the conditions (the range in parameter space)
that promote the existence of alternative states and the critical parameters
to consider if we want to manage these systems away from potential tip-
ping responses. For example, within the EU-ITN project "Mantel" I worked
with the PhD student Jorrit Mesman on mapping positive feedbacks that
are present in deep stratified lakes during his research stay at iEES in Sor-
bonne University. Deep lakes, unlike shallow lakes, stratify in (usually) two
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water thermal layers under warm weather that do not mix one with another
[Hutchinson & Löffler 1956]. Such stratification affects the vertical distribu-
tion of oxygen, nutrients, and phytoplankton that are important drivers of lake
functioning. Thus, identifying positive feedbacks that under lake warming due
to global change [O’Reilly et al. 2015] will change the pattern of stratification
may have considerable ecological consequence for a lake (e.g. hypoxia events,
productivity, harmful algal blooms). As an example in Fig. 1.5, warming can
alter the ice-albedo effect of the winter ice-cover on temperate lakes triggering
a positive feedback that could increase the chance of shifting the lake from a
double to a single mixing per year [Mesman et al. 2021].

     |  9MESMAN Et Al.

and actively investigated the role of ice- albedo in determining ther-
mal structure. Similar to Zhong et al. (2016) and Ye et al. (2018), 
the modelling study of Shatwell et al. (2019) reported a gradual 
shift from ice- covered to ice- free winters in two lakes of 20– 30 m 
mean depth in Europe, rather than an abrupt shift. Other studies 
on the ice- albedo feedback and thermal memory in lakes are scarce. 
However, this topic has been addressed for sea ice; modelling stud-
ies suggest that the response of sea ice to atmospheric temperature 
changes might show lags, but is not truly bi- stable (Li et al., 2013; 
Ridley et al., 2012), and therefore a gradual loss of ice cover is to be 
expected.

In brief, although the role of ice albedo in lakes is still debated, 
it is generally considered that memory effects of ice cover in lakes 
have only a minor influence. In case of a dominant memory effect 
caused by a large thermal heat capacity and a dominant ice- albedo 
feedback, shifts in mixing regime between monomictic and dimic-
tic lakes would have a sudden nature (Figure 3b, blue lines). If de-
stabilising positive feedbacks are weak, a smoother transition from 
monomictic to dimictic is expected, with alternating dimictic and 
monomictic years (Figure 3b, green line). Both the ice- albedo feed-
back and the insulation effect could be relevant for the shifts from 
amictic to cold monomictic and from cold monomictic to dimictic 
as well. However, literature on these mixing regime shifts is limited.

3.3 | Shift from a holomictic to an oligo-  or 
meromictic regime

Some lakes that are (becoming) monomictic are experiencing less 
complete mixing events, and decreases in the maximum mixing 
depth as indicated by oxygen profiles (North et al., 2014; Saulnier- 
Talbot et al., 2014). Hydrodynamic models driven by climate sce-
narios predict this trend to continue, resulting in a progressively 
decreasing maximum mixing depth (Matzinger et al., 2007; Sahoo 
& Schladow, 2008; Schwefel et al., 2016). Complete mixing— i.e. 

top to bottom— can even disappear entirely and maximum mixing 
depth could decrease by up to 80% (Matzinger et al., 2007; Sahoo 
& Schladow, 2008). Perroud and Goyette (2010) predict a decrease 
in duration of fully mixed conditions for the peri- alpine Lake Geneva 
(Switzerland/France). These findings imply that complete mixing in 
monomictic lakes will decrease in the future and parts of the hy-
polimnion can stay isolated from the atmosphere for multiple years.

However, in oligomictic lakes, there is an interplay between the 
increase in hypolimnetic temperature and the frequency of complete 
mixing events. The hypolimnion slowly heats over the year as a result 
of the geothermal heat flux and as warmer water from the epilimnion 
is gradually mixed into the deeper layers by turbulence. Incomplete 
winter mixing fails to cool the hypolimnion, resulting in a warming 
trend. This increase in hypolimnetic temperature facilitates complete 
mixing in subsequent years, as less cooling is required for an over-
turn. Additionally, the higher thermal expansivity of water at higher 
temperatures can increase the likelihood of complete mixing in lakes 
with elevated salt concentrations in the hypolimnion (Matzinger 
et al., 2006). When deep mixing finally occurs during a colder winter, 
hypolimnetic temperatures show a sudden drop and the resistance 
to full mixing in subsequent years would increase again. This is why 
this process is referred to as a sawtooth pattern (Livingstone, 1993, 
1997). This pattern has been observed in several deep lakes (Coats 
et al., 2006; Lepori & Roberts, 2015; Straile et al., 2003), and might 
facilitate sporadic overturn events even under milder tempera-
tures. Climate warming is predicted to lengthen the warming peri-
ods and reduce the frequency of turnovers and subsequent cooling 
(Livingstone, 1997). In accordance with the sawtooth- pattern feed-
back, a decrease in the extent of winter mixing is expected during 
ongoing climate warming. However, if a new plateau in air tempera-
tures is reached, the frequency of complete mixing is likely to return 
to its previous level as hypolimnetic temperatures catch up with win-
ter temperatures, unless meromixis develops.

In both oligomictic and meromictic lakes, oxygen replenishment 
in the hypolimnion is strongly reliant on sporadically occurring winter 

F I G U R E  3   (a) The associated feedbacks for a shift from a dimictic to a monomictic regime. Solid arrows denote a stimulating (positive) 
effect and dashed arrows a reducing (negative) effect. The effect of climate warming is shown in red. Two feedback loops are formed. The 
blue feedback loop is negative (i.e. self- stabilising), while the orange loop is positive (self- reinforcing). (b) State diagram of a shift from a 
dimictic to a monomictic regime. Inter- annual thermal memory is supported by a large heat storage capacity and the positive feedback in (a). 
In case of a dominant memory effect, shifts in mixing regime would have a sudden nature (blue line and arrows), while if the memory effect 
is not dominant (green line), there is a smoother transition, with alternating dimictic and monomictic years. The length of the dotted arrows 
denotes the probability of a regime shift from one mixing regime to another
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Figure 1.5: The associated feedbacks for a shift from a dimictic to a
monomictic regime in a deep lake In (a) solid arrows denote a positive effect and
dashed arrows a negative effect. Climate warming effects are shown in red. There
are two feedback loops: a blue negative feedback loop and a red positive feedback
loop. (b) State diagram of a hypothesised shift from a dimictic (stratification) to a
monomictic (no stratification) regime. In case of a dominant thermal memory effect
supported by a large heat storage capacity and the positive feedback in (a), shifts
in mixing regime would have a sudden nature (blue line), while if the memory effect
is not dominant there would be a smoother transition (green line), with alternating
dimictic and monomictic years. Reproduced from [Mesman et al. 2021].

1.5.2 From empirical observations

The most usual way for identifying alternative states and tipping points is
by analysing empirical observations in time (timeseries) or in space (across
environmental gradients). As mentioned in Sec. 1.5, identification of regime
shifts by breakpoint or changepoint analysis is the common approach. In the
case of space, one can follow a kind-of space-for-time substitution, like we
did in the work of Caterina Gozzi during her PhD research exchange stay
in Montpellier. There we identified regime shifts in geochemical properties
by analysing the profiles of the chemical composition along the course of the
Tiber river in Italy [Gozzi et al. 2021].

We followed a different approach in the work of Jose Sanabria who has
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also been a visiting PhD student at Sorbonne University.

Publication [Gozzi et al. 2021]: Gozzi, C., V. Dakos, A. Buccianti,
O. Vaselli. 2021. Are Geochemical Regime Shifts Identifiable in River
Waters? Exploring the Compositional Dynamics of the Tiber River
(Italy). Science of the Total Environment 785: 147268.

Manuscript in preparation: Sanabria-Fernandez, J.A., A. Genin, V.
Dakos. Detecting alternative states in macroalgal functional diversity
of rocky reefs.

In that case, we analysed the macroalgae composition of 400 rocky reefs
across the globe in order to identify potential alternative states. Marine
macroalgae can shift in their density depending on the amount of grazing
by herbivores. The classical example is that of kelp forests that can shift to
barren ground due to grazing [Konar & Estes 2003]. In our study, we sum-
marised the composition of each macroalgae community in a reef to an index
of functional diversity as it is the types of macroalgae rather than the species
that determine the vulnerability and persistence to grazing.

In cases like ours, when there exists a sample of observations of sys-
tem states, it is common to explore the probability distribution of the ob-
servations to estimate the number of modes of the fitted distribution. If
there is bi- (or multi-) modality, this suggests the potential for alternative
states [Scheffer & Carpenter 2003]. There are different ways for testing for
the shape of the probability distribution from fitting Gaussian mixture mod-
els [Hirota et al. 2011, Abbott & Dakos 2020] to measuring clusters in sliced
density functions [Génin et al. 2020]. A more elaborate approach is to use
the probability distribution of system states for given conditions to compute
(an approximation of) the stability landscape (Sec. 1.3) [Livina et al. 2010].
This approach can be taken one step further to estimate the probability dis-
tribution along an environmental gradient and thus reconstruct the stability
landscape and identify the thresholds of the region of bistability, a method
termed ’potential analysis’ [Livina et al. 2010] (I come back to this in Ch. 2).

What we did was to fit Gaussian mixture distributions on functional diver-
sity indices that allowed us to identify three types of macroalgae assemblages
(Fig. 1.6a). To explain the driver of the different modes, we explored their
relationship to sea urchin density recorded in the same locations that can be
seen as a proxy for grazing pressure. What we found is a reasonable expec-
tation as the maximum diversity "mode" was related to the lowest density of
urchins, whereas at the highest urchin density we observed only the minimum
diversity sites (Fig. 1.6b). This result does not constitute proof for alternative
states or tipping points, but it suggests threshold values for the relationship
between sea-urchin density and macroalgae functional diversity.
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Figure 1.6: Potential alternative states of macroalgae functional diversity
in 400 rocky reefs worldwide. Frequency of macroalgal functional diversity,
classified in three states of minimum-intermediate-maximum diversity by applying
Gaussian mixture modelling. b) Relationship between macroalgal functional states
and sea urchin density. Circles represent the centroid of each state.

1.5.3 From experiments

The most rigorous identification of alternative states and tipping points is
experimentation [Schroder et al. 2005]. The challenge here is the scale (tem-
poral and spatial) as manipulations in situ or for timescales of years are ei-
ther not complying to the usual research cycles (of 3-5 years of a PhD the-
sis for instance), or are simply impossible (a manipulation in a forest would
require years to report the hypothesised change). The "solution" is either
closed small-scale systems (like lakes) or historically long-studied systems (like
the rocky intertidal), laboratory experiments with short generation organisms
(like bacteria), or "natural experiments" where a natural event (like a storm,
or fire) sets the conditions that are otherwise practically or ethically impossi-
ble to test.

This is the reason why the best demonstrations of alternative states in
the field come from lakes [Carpenter 2002] and in rocky intertidal communi-
ties [Petraitis & Dudgeon 1999], whereas the strongest proof of tipping points
and biological hysteresis was found in a phytoplankton population exposed
to increasing light irradiance [Faassen et al. 2015], and in a yeast population
exposed to increasing dilution rates [Dai et al. 2012], in both cases due to
inhibited growth caused by an Allee effect (positive feedback).

In the Marie Curie postdoctoral project of Laura Soissons, who I co-
supervised with Francesca Rossi, we probed the existence of tipping responses
in seagrasses.
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Manuscript in preparation: Soissons, L.M., V. Dakos, V. Ouisse,
M. Le Fur, Julie Morla, L. Benedetti-Cecchic, F. Rossi. Experimental
evidence of loss of resilience and non-linear response to multiple distur-
bances.

Seagrasses are marine flowering plants distributed in coastal areas world-
wide. They are defined as ecosystem engineers (sensu [Jones et al. 1994]), as
their presence can modify the physical and chemical characteristics of their
environment to create structurally complex benthic habitats. Recent stud-
ies in seagrass ecosystems have suggested that biogeochemical, ecological,
and biophysical feedbacks can cause seagrass meadows to abruptly and ir-
reversibly shift from a healthy growing state to a deteriorated barren state
[Maxwell et al. 2017]. In this work, we examined the response of seagrasses
to an experimental gradient of eutrophication and to pulse disturbances (clip-
ping) as simulated overgrazing during the seagrass growing season. By fitting
the response of biological variables into generalised additive and linear mixed
models, we identified a likely threshold on seagrass traits above an enrich-
ment level (above 50 mmol N.day-1) over which in the course of the 3-month
experiment seagrasses where overgrown by algae (Fig. 1.7). The decline was
particularly stronger after a clipping disturbance that led to the complete
collapse of seagrasses and lack of recovery close to the nutrient threshold, im-
plying the low resilience and high risk of abrupt change of seagrass meadows
to eutrophication as suggested from ecological theory.

Figure 1.7: Dynamics of seagrass cover and algae in a field experiment
Changes in seagrass cover, Zostera noltei, in light green, algae in dark green along
the nutrient enrichment gradient for unclipped plots in June, July and September
(seagrass growing season). Lines represent the nonlinear response pattern along the
gradient based on a loess smoothing with standard errors.
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1.6 Tipping cascades

Seagrasses are not only an interesting case of an ecosystem that could
experience a tipping point. Seagrasses provide multiple key ecosys-
tem services by supporting biodiversity, supporting fisheries productivity
[Unsworth et al. 2019], protecting coastal habitats [Ondiviela et al. 2014] and
mitigating climate change [Duarte et al. 2013]. But in the last years, seagrass
ecosystems have been highlighted for contributing for 50% of the carbon burial
in marine sediments; one of the most important carbon sinks in the biosphere
[Duarte et al. 2005].

Although there is substantial information on the capacity of European
seagrass species to store Corg [Serrano et al. 2016, Apostolaki et al. 2019]-
through metabolic processes and water column particles trapping to store
it in the marine sediment [Kennedy et al. 2010]- information on the effect of
climate change or other major stressors on carbon sequestration and burial is
very limited. If seagrass ecosystems run a high risk of decline or even potential
tipping to collapse due to global change, how likely is it that such nonlinear
seagrass responses can also induce tipping responses in the dynamics of carbon
storage?



1.6. Tipping cascades 25

Figure 1.8: Mechanisms in a coupled seagrass-ecosystem carbon-
biogeochemical model. Hydrodynamic pressure decreases with seagrass biomass,
leading to a lower mortality due to hydrodynamics and to a lower turbidity. The
lower the turbidity, the greater the water clarity thus seagrass growth rate. Carbon
in the system has two possible inputs: autochtonous carbon coming from dead sea-
grass; and allochtonous carbon coming from the water column trapped by seagrasses.
The carbon in these two pools can either be eroded, depending on hydrodynamic
intensity, decomposed or buried.

This question triggered a Euromarine workshop that I organised in 2018
bringing together modellers and empiricists working on seagrass ecosystems.
At the aftermath of the workshop, Antoine Le Vilain at Sorbonne University
developed in his Master thesis a model that couples a seagrass ecological
model with a carbon biogeochemical model to explore the potential cascading
effects of seagrass biomass tipping points on carbon sink-source dynamics in
the sediment.

Master Thesis, M2 Le Vilain, A. From sink to source: Dynamics of
blue-carbon storage in seagrass ecosystems, Sorbonne University, Paris,
2021.

Without going into details in the model equations, Fig. 1.9 summarises the
mechanisms and feedbacks that are already identified in a seagrass meadow
that can lead to tipping points under increasing hydrodynamic stress, eu-
trophication (in the form of organic matter) and anthropogenic disturbance
(e.g. anchoring). Carbon dynamics are linear rates of storage, erosion and
decomposition of both autochtonous (stemming from the seagrass biomass)
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and allochtonous (stemming from the water column) carbon.
Not unexpectedly, we find that the seagrass ecosystem tipping points do

inflict a cascading tipping point in carbon sediment (and consequently turn-
ing the sediment from sink to source of CO2, Fig. 1.9). What is interesting
though is that the response of carbon depends on the type of stress. In the
bifurcation diagrams of Fig. 1.9, when seagrasses are stressed due to eutroph-
ication (Fig. 1.9c), there is an increase in total carbon stored and no sign of
carbon losses, when compared to anthropogenic (Fig. 1.9a) or hydrodynamic
(Fig. 1.9b) stress. This difference can be explained by the high increase of al-
lochtonous carbon ending to the sediment due to eutrophication (not shown).
Although we cannot empirically confirm such expectation, such model out-
put helps to understand under which conditions and how sink-source carbon
dynamics can develop in seagrass ecosystems in the future.

Figure 1.9: Buried carbon bifurcation diagrams. The two solid lines corre-
spond to stable equilibria. The dotted line corresponds to the unstable equilibrium.
C refers to total carbon, the sum of buried, allochtonous, and autochtonous carbon.
mA is seagrass mortality due to anthropogenic stress (e.g. pollution, anchoring),
Hmax is hydrodynamic stress outside the meadow, OMmax is Organic Matter af-
fecting the meadow (i.e. eutrophication)

1.7 Conclusions

The theory of tipping points and alternative states that I summarised in this
chapter is to a great extent a formalism that we try to apply to ecological
(but not only [Feudel et al. 2018]) systems around us. This risks to oversim-
plify reality as reality is always more complex than the mathematical theories
we use to describe it. In fact, it has led to the discussion as to whether
it makes sense to talk about tipping points at bigger, like planetary scales
[Barnosky et al. 2012, Lenton 2013, Hughes et al. 2013], with some arguing
that it is counter-productive or even wrong [Montoya et al. 2018] as the evi-
dence for tipping points is weak [Hillebrand et al. 2020, Capon et al. 2015],
while others suggesting the existence of planetary boundaries and a safe-
operating space for the planet that resonates with tipping points and desirable
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basins of attraction [Rockström et al. 2009, Steffen et al. 2018]. As I stated
in the whether laws in ecology exist or not is a big debate, one that may not
be relevant after all.

In my work, at least for ecological and climate systems, there is increasing
evidence [Biggs et al. 2018, Lenton et al. 2007, Garbe et al. 2020] for mecha-
nisms that could give rise to positive feedbacks and inevitable tipping points.
The examples I presented in Sec. 1.5 highlight the advances in understanding
and identifying tipping points at least as an alternative hypothesis to explain
ecosystem responses to stress. As I described in Sec. 1.2.2, 1.5.3, it is diffi-
cult to prove the existence of tipping points. It may well be that we identify
tipping points when they are not, but also the other way around, we do not
identify system responses as tipping points while they are. Here I would like
to stress at least three reasons for this identifiability challenge that are usually
overlooked (or misunderstood).

First, abrupt shifts may unfold much slower than what is typically be-
lieved due to the slow timescales compared to our observations. This could
disguise even tipping points that have been already crossed, as it has been ar-
gued for some climate subsystems, like the melting of Greenland’s ice-sheets
[Robinson et al. 2012, King et al. 2020]. Whether we live on such "borrowed
time" for other ecological systems [Hughes et al. 2013] remains an open but
not improbable question. Second, in this chapter I completely neglected
the effect of spatial interactions and spatial heterogeneity that can modu-
late a tipping response to a smooth response [Van Nes & Scheffer 2005] (I
come back to this in Ch. 3 where the same can be argued for phenotypic
variation). Spatial complexities introduce scale-dependent feedbacks that
could give rise to additional positive feedbacks that promote tipping points
[Kéfi et al. 2007, Rietkerk et al. 2004], but at the same they can modify the
system responses to disturbance [Zelnik et al. 2019]. Third, although the un-
derstanding of tipping points relies on the existence of usually a single strong
positive feedback, at least theoretically a combination of multiple weak posi-
tive feedbacks can also give rise to tipping events [van de Leemput et al. 2016].
As human activities are increasingly connecting previously thought discon-
nected ecosystems and as we are discovering previously unknown links be-
tween processes at different temporal and spatial scales, the probability of
tipping events and their spread (tipping cascades) [Rocha et al. 2018] may
have become higher than earlier [Biggs et al. 2011].

As a closing remark, I would like to stress that in this debate on the
existence (or relevance) of tipping points, what we usually neglect is that
the same mechanisms of strong positive feedbacks can be used to promote
positive change rather than to avoid (or at best postpone) negative change
[Lenton 2019, Winkelmann et al. 2022]. This is the other side of why we need
to better understand and able to detect such type of dynamics.
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2.1 Context

Intuitively, resilience is the ability of a system to cope with disturbances,
bounce back, and maintain its state and functionality (in Ch. 1 one can find
a formal definition of resilience). In the ongoing context of global change,
understanding resilience is of utmost importance to achieve sustainable in-
teractions between humans and ecosystems [Cañizares et al. 2021]. However,
moving from intuition to practically measuring resilience has been a real chal-
lenge in ecology [Kéfi et al. 2019, Pimm et al. 2019, Capdevila et al. 2021,
Carpenter et al. 2001]. This chapter aims to present, from my perspective,
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the path to detecting tipping points by presenting the logic, the methods, the
challenges, and the

The basics of this chapter are mainly developed around a recent synthesis
on measuring ecological resilience [Dakos & Kefi 2022], as well as my continu-
ous work on resilience indicators (or early-warning signals) [Dakos et al. 2015,
Dakos et al. 2012]. I highlight novel approaches for measuring resilience and
in the last part of this chapter, I illustrate three ways we can use resilience
estimations through a number of case-studies.

2.2 The potential function and associated resilience
metrics

In Ch. 1, I presented the concept of a stability landscape and how it is linked
to ecological resilience [Beisner et al. 2003]. If we can describe the stability
landscape of a system in some mathematical way, then we can also estimate
its properties that are related to the resilience of the system. The most used
mathematical description of a stability landscape is through a potential func-
tion. The potential function describes the potential energy of the system for
different parameter values [Strogatz 1994], where minima (valleys) and max-
ima (hilltops) respectively correspond to stable and unstable equilibria, while
the slopes of the potential surface are proportional to the rates of change of
the system. In other words, the potential function describes a gradient surface
that determines the direction and the speed at which the system (the ball in
Fig. 1.3 of Ch. 1) is moving across and within basins of attraction.

The challenge is that it is generally difficult to find a potential function
for systems with more than one dimensions [Rodríguez-Sánchez et al. 2020],
although there have been ways to approximate stability landscapes for high di-
mensional systems [Zhou et al. 2012] (see [Nolting & Abbott 2016] for a very
instructive discussion for ecologists). However, if we assume that a generic
potential function exists for our system of interest, we can explore how the
properties of the stability landscape can be mathematically linked to metrics
of resilience (i.e ecological and engineering, see Box 1.1 in Ch. 1). In what
follows, I describe such generic potential function and its associated resilience
metrics.

2.2.1 A (generic) potential function

Let’s imagine a dynamical system described by the function f(x). The poten-
tial function U(x) of such dynamical system is defined as [Strogatz 1994]:

U(x) = −
∫ x

x0

f(x)dx (2.1)
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where f(x) is a set of ordinary differential equations that describe our
ecological system:

dx

dt
= f(x) (2.2)

For simplicity, we will consider one-dimensional systems for which a po-
tential function normally exists (it can be either estimated in a closed form or
integrated numerically as long it is smooth) (Fig. 2.1B). In higher-dimensional
systems (i.e. with more than 1 dimensions), the conditions for a gradient po-
tential to exist become extremely difficult [Rodríguez-Sánchez et al. 2020].

The potential functions U(x) of well-known low-dimensional ecological
models used in the ecological literature to study resilience can be derived
analytically, are smooth, and many of them can be approximated by a 4th
degree polynomial function ([Dakos & Kefi 2022]). In fact, a 4th-degree poly-
nomial is one of the simplest function that can describe the potential stability
landscape of a one-dimensional system with two possible wells [Strogatz 1994].
With this in mind, we write a generic 4th-order polynomial function to de-
scribe the potential U(x) of our hypothetical ecological system as:

U(x) = −(1
4
α3x

4 +
1

3
α2x

3 +
1

2
α1x

2 + α0x) (2.3)

where αi (i=0,1,2,3) are the polynomial coefficients that determine the
shape of the potential. By tuning these coefficients, we can describe a stability
landscape with two basins of attraction. For example, when a0 = 0, a1 =
−5, a2 = 0, a3 = 1, the two alternative stable equilibria (attractors) are x1 and
x2 whereas the hilltop xun corresponds to the unstable equilibrium (saddle)
that marks the border between the two basins of attraction (Fig. 2.1A).

In this theoretical potential, we can now explore how the size and shape
of the two basins of the potential landscape are related to commonly used
resilience metrics.

2.2.2 Resilience to perturbations on state variables

The size and shape of the potential can be related to properties of both engi-
neering and ecological resilience. Engineering resilience provides information
about the response of the system around equilibrium to small perturbations
on state variables (Fig. 1.3). Ecological resilience refers to how the system
would respond to non-small perturbations, so that if the stability landscape
has several valleys one would need to evaluate the overall risk of shifting from
one attractor to the other. Below, we classify resilience metrics based on this
distinction and explain their relationships to the properties of the potential.

Metrics of engineering resilience (local stability)
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• Curvature of potential In general, the absolute value of the poten-
tial curvature measures the speed of convergence or divergence after a
small perturbation. This can be quantified at any point along the poten-
tial. Typically, though, it is the curvature measured at equilibrium (Fig.
2.1B) quantified by the dominant eigenvalue λ of the Jacobian matrix of
the ecological model (eq. 2.2) that determines the local stability of the
equilibrium:

λxattr = U ′′(xattr) = −f ′(xattr) (2.4)

Different information can be derived from the quantification of the po-
tential curvature. First, the sign of the eigenvalue λ qualifies whether
the state is stable (λ < 0) or not (λ > 0). Second, the magnitude of
the eigenvalue λ determines how fast the system returns back to the
disturbed equilibrium after a disturbance:

τreturn =
1

λxattr
log(

xattr
x

) (2.5)

Return (or recovery) time (also measured as return (or recovery) rate
(1/τreturn) back to the desired attractor is defined as engineering re-
silience [Pimm 1984]. Note that for large deviations from equilibrium,
the eigenvalue approximation fails. In that case the response of the sys-
tem back to equilibrium is determined by the rate of change along the
potential (Fig. 2.1B).
The above defined return time defines the long-term (or asymptotic)
resilience [Arnoldi et al. 2018]. It is possible that after a disturbance the
system might initially move away from the attractor before eventually
returning back to it. This property that is also related to the curvature
of the potential is called reactivity [Neubert & Caswell 1997] but it is
defined only for higher than 1-dimensional systems:

R0 = −
1

λxattr
Csym (2.6)

with Csym = C + CT where C is the Jacobian matrix and λxattr the
dominant eigenvalue of C at equilibrium xattr.

• Variance Under small, random and continuous disturbances, the sys-
tem moves in a way that is defined by the curvature of the potential
around the attractor (Fig. 2.1B). One way to think about this is to
imagine the ball to wiggle around the bottom of the valley while still
staying within its basin of attraction. For small disturbances, the result-
ing stationary distribution will be described by its variance V ar(x) that
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depends on the strength of stochasticity σ and the dominant eigenvalue
λ [Ives et al. 2003]:

V ar(xt) = −
σ

2λxattr
(2.7)

The flatter the bottom of the valley is, the smaller the absolute value of
λ will be and consequently the higher the variance. Note that as this
definition considers small levels of noise, it depends on the eigenvalue
at the local equilibrium and it does not take into account the whole
curvature of the potential. In that sense it is a local measure of resilience
(Fig. 2.1C).

• Autocorrelation In addition to variance, the values of the resulting
stationary distribution will be correlated in time Corr(xt, xt+1) defined
by the eigenvalue λ:

Corr(xt, xt+1) = eλxattr (2.8)

A flat valley bottom (i.e. small absolute value of λ) will lead to high
values of autocorrelation. Note that as this definition (like the above for
variance) considers small levels of noise, it does not take into account the
whole curvature of the potential so that it is a local measure of resilience.

Metrics of ecological resilience (non-local stability)

• Potential depth This metric reflects the amount of ‘effort’ needed to
climb against the gradient of the potential in order to pass over the saddle
point (hilltop). More precisely, it is the relative depth of the bottom of
a valley to the hilltop (Fig. 2.1A).

Pot_d = |U(xattr)− U(xsaddle)| (2.9)

where xattr is one of the alternative attractors (stable equilibrium) and
xsaddle is the saddle point (unstable equilibrium).

This metric reflects how ‘easy’ it is for a system to be pushed away from
its current state and shift to another basin of attraction. This metric has
been also described as ‘resistance’ by Walker [Walker et al. 2004], and it
resembles the widely used notion of resistance defined as the ability of a
system to persist despite a disturbance [Grimm et al. 1997], although re-
sistance is commonly quantified as the relative amount of system change
given a specific size of disturbance [Ingrisch & Bahn 2018].
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• (Minimum) Distance to the basin threshold This metric describes
the distance between the valley bottom (stable equilibrium) and the limit
of the basin of attraction (saddle point). Another way to think about
this metric is the minimum amount of a single perturbation to the system
state that one has to apply so that the systems shifts to the other state
(Fig. 2.1A).

Dist_thr = |xattr − xsaddle| (2.10)

If the system is not at the bottom of the valley (at equilibrium) then the
distance between the current state of the system and the saddle xun has
been called by Walker [Walker & Meyers 2004] precariousness.

• Size of the basin of attraction The size of the basin of attraction
reflects the likelihood of the system to be in a given state after any
random – non-small – perturbation (Fig. 2.1A). Mathematically, it can
be defined as the set of initial conditions in state space that lead to a
particular state. For example, for a 1-dimensional system, the set W
would be defined within a range of x values from xA to xB as:

W : x ∈ [xA, xsaddle), ifxattr < xsaddle

W : x ∈ (xsaddle, xB], ifxattr > xsaddle
(2.11)

This set can be described by different geometries depending on the di-
mensionality of the system. For 1-dimensional stability landscapes, it is
simply the width of the basin of attraction (e.g. from eq6 |xA−xsaddle|).
For 2-dimensional stability landscapes, the size is described as an
area, while for higher dimensions it is quantified as (hyper-)volume
[Menck et al. 2013].

Although the size of the basin of attraction is a complete measure of
the stability domain of a given attractor, sometimes it might be more
relevant to use other metrics than size. For example, in a 1-dimensional
stability landscape the width of the basin of attraction is not a useful
metric when there are only 2 basins of attraction, as each basin has a
threshold only on one side (Fig. 2.1A). In that case, it is more rele-
vant to compare basins based on the minimum distance to the basin
threshold. Similarly, in a 2-dimensional stability landscape it might be
that it is the minimum distance between the two basin thresholds (also
referred as latitude [Walker & Meyers 2004]) (Fig. 1.3) that describes
better the likelihood of the system to stay within a basin of attraction
after a perturbation.
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• Likelihood of bi-(multi)-modality The existence of bi-(multi)-
modality is a proxy of bistability and potential flipping between alter-
native states. Bi-(multi-)modality can be derived from the peaks of the
probability distribution of the system state. The probability distribution
describes the probability to be at any point along the stability landscape
in the presence of (environmental or demographic) noise (Fig. 2.1C).
The probability distribution depends on the potential function and the
strength of noise. The simplest way to imagine this is to consider the
ball (system state) being ‘pushed’ around within the basin of attraction
due to small and continuous perturbations. Where the system will spend
more time will depend on the shape of potential landscape and how noise
is acting on the system. The values of system state where the likelihood
is the maximum are the modes of the distribution and correspond to the
alternative attractors of the system. The probability P (x) of the system
state being at a point x is given by:

P (x) =
1

N
e−

2U(x)

σ2 (2.12)

where N is a normalisation factor, σ is the level of noise. This expression
is the solution to the Fokker-Planck stochastic version of equation 2.1
[Gardiner 2003].

If noise has an additive structure (e.g. Gaussian distribution added on
the system state), the probability distribution is of the form (eq. 2.12).
For more complex structures of noise (i.e. multiplicative), the proba-
bility distribution becomes a function of noise as well (see for instance
[Guttal & Jayaprakash 2008]).

• (Mean) Exit time to the alternative basin of attraction The
(mean) exit time τ is the average amount of time that it will take for
small and continuous disturbances to ‘push’ the ball out of its current
basin of attraction. This time depends on potential properties (poten-
tial depth and curvature potential) as well as on the strength of noise
[Nolting & Abbott 2016]:

τxunx =
2π√

(|λx|λun)
e

2
σ2

(|U(xun)−U(x)|) (2.13)

where λx quantifies the curvature of the potential at point x (see also
below under ‘Curvature’). Obviously, if stochasticity is low (σ → 0) exit
time becomes infinite, in other words it is impossible to escape from the
current basin of attraction.
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• Skewness In the presence of continuous, random disturbances that
‘push’ the system around the basin of attraction (but not outside of
it), the resulting stationary distribution of the system state will re-
flect the shape of the basin of attraction. If the basin of attraction
is asymmetric, the stationary distribution will also be asymmetric (Fig.
2.1C). Asymmetry suggests the existence of another attractor but it is
not a proof of it. The simplest way to measure the basin’s asymme-
try is to quantify the skewness γ of the resulting stationary distribution
[Guttal & Jayaprakash 2008]:

γ =

∫
(x− µ)3P (x)dx

σ3
(2.14)

where µ is the mean value of the probability distribution P (x). Negative
skewness would imply left-side asymmetry, whereas positive skewness
would imply asymmetry to the right.

2.2.3 Resilience to perturbations on parameters

The above metrics reflect properties of a non-changing (static) stability land-
scape. However, the stability landscape can also change due to changes in
external (e.g. environmental) conditions [Suding et al. 2004]. Such changes
are related to changes in system parameters. For instance, this would mean
that the coefficients of the polynomial potential function (eq. 2.3) are chang-
ing. In such context of perturbations in parameter space, other metrics of
resilience become relevant. One of them is the amount of change in an ex-
ternal parameter that is needed for the current attractor to disappear and
be replaced by its alternative attractor (Fig. 2.1D). Mathematically, the ap-
pearance and disappearance of attractors as well as changes in their stability
correspond to bifurcation points [Kuznetsov 1995]. It is straightforward to
imagine that such bifurcations can be caused by more than one external pa-
rameters. In that case, there is actually a parameter space (analogous to the
state-space that defines the ‘Size of Basin of Attraction’) that defines the size
of parameter changes that can be tolerated without leading to shifts in the
number or in the stability of attractors. This parameter space defines the
‘structural stability’ of a system [Thom 1994, Smale 1967].

There are different ways for quantifying resilience to perturbations in pa-
rameter space.

• Distance to bifurcation Analogous to the ‘Distance to basin threshold’
metric, we can find the minimum amount of change needed along one
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parameter p to incur the disappearance of the current valley bottom
(Fig. 2.1D).

Dist_bif = |pattr − pbif | (2.15)

where pattr is the current value of the parameter and pbif is the value of
the parameter at which one of the bifurcations occurs.

• Size of hysteresis Hysteresis defines the range of parameter space for
which bistability exists along a single parameter p (Fig. 2.1D).

Hysteresis = |pbifA − pbifB| (2.16)

where pbifA and pbifB are the values of the parameter at which the bi-
furcations occurs.

Box 2.1: The relationship between engineering (local) and
ecological (non-local) resilience metrics derived from generic
one-dimensional potentials

From the previous section, it is clear that metrics of ecological and engi-
neering resilience are strongly linked as some are functions of the others.
For example, mean exit time depends on the potential depth, whereas
return time, variance and autocorrelation are all functions of the po-
tential’s curvature. At the same time, some relationships commonly
thought as given are not necessarily true. For instance, the probability
of escaping from a given valley to the alternative one (which is approx-
imated by the mean exit time) depends on the potential depth and not
on the distance to the basin threshold as it is commonly thought.
To confirm these expected relationships (and explore unexpected ones),
one can estimate correlations between ecological and engineering re-
silience metrics in the generic one-dimensional potentials described by
a fourth degree polynomial (eq. 2.3) and a more versatile exponential
function (eq. 2.17).

exponential : Ue(x) = 1− αexp(−βx2)− exp(−δ(x− γ)2) (2.17)

We also used potentials of three classical ecological models exhibiting
bistability in the Master 1 thesis of Lucie Bourreau: A detailed descrip-
tion of the functions and how one can perform the correlations can be
found in [Dakos & Kefi 2022]).
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(Box 2.1, continued)

Master Thesis, M1 Bourreau, L. Relations entre des métriques
de résilience dans des systèmes écologiques, Université de Rennes
1, Rennes, 2021.

We found strong correlations between all metrics for the polynomial
function (Fig. Box 2.1A). All engineering resilience metrics (i.e. cur-
vature, variance, autocorrelation) were perfectly correlated with each
other (=1) as they are all functions of the curvature (eqs 2.7, 2.8). A
strong correlation was also found between the ecological resilience met-
rics of potential depth and distance to threshold. Similarly, the potential
depth was perfectly correlated to the mean exit time. The most inter-
esting result was the strong correlation between the potential depth and
the engineering resilience metrics. Although these relationships might
be a consequence of the smoothness and symmetry of the polynomial
function, we found similarly positive (albeit weaker) correlations for the
exponential function especially in the correlations between potential
depth and engineering metrics (Fig. Box 2.1B), while the correlations
between distance to threshold and engineering resilience metrics break
down in that case.
For the three classical bistable ecological models, we found that
correlations between engineering and ecological resilience metrics
were positive, especially between potential depth and engineering
resilience, except for the desertification model in which these corre-
lations disappeared (Fig. Box 2.1C, D, E). Interestingly, in all three
models, we found opposite results to the polynomial and exponential
functions for correlations between mean exit time and engineering
resilience metrics.Altogether, these results suggest that engineering
resilience (local stability) metrics can be used to approximate ecological
resilience in some specific simple settings, yet, future work should
explore in more details when and why these correlations break down.
For example, Nolting & Abbott [Nolting & Abbott 2016] have shown
that, in a two-dimensional potential described by a double exponential
function, resilience metrics such as potential depth and curvature can
be decoupled.
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(Box 2.1, continued)
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Fig. Box 2.1 Spearman ρ correlations between engineering and eco-
logical resilience metrics for a bistable potential landscape described by
(A) a polynomial, (B) an exponential function, and three classical eco-
logical models with bistability: (C) Herbivory model [Noy-Meir 1975],
(D) Desertification model [Klausmeier 1999], (E) Eutrophication model
[Carpenter et al. 1999]. The three last metrics are sign corrected so that
the metric increases as stability increases. Red colours represent posi-
tive correlations, blue colors negative correlations. Values in circles are
the correlations. All correlations are significant (p < 0.05).

2.3 How is resilience measured in practice

Although there exist clear mathematical definitions of the resilience metrics
as presented in the previous section, the practical estimation of resilience (es-
pecially ecological resilience) has been challenging. Numerous efforts aiming
at bridging the gap between the intuitive concept of resilience and an opera-
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tionally measurable quantity have been proposed. Below, I focus on examples
of a number of methods that have been used theoretically and practically to
estimate resilience metrics (see also Table 2.1).

Most of these methods follow two approaches: 1) neglect the complexity
and approximate an ecological system with a (low-dimensional) model, param-
eterised in a way that quantitatively matches the empirical system as much
as possible, and then use the model to estimate ecological resilience either by
inferring the potential or by bifurcation analysis and numerical simulation. 2)
estimate resilience metrics directly from empirical data.

2.3.1 Based on a model

Being able to derive (analytically or numerically) the potential function of
the ecological model allows to estimate all resilience metrics. Recall that this
is usually possible for one-dimensional systems. Similarly, numerical tools
of bifurcation analysis enable us to explore the presence of thresholds, the
likelihood of bistability, and the range of hysteresis. For higher-dimensional
systems, it can be possible to approximate the potential by the quasipotential
[Nolting & Abbott 2016] (with varying degree of error depending on the model
[Rodríguez-Sánchez et al. 2020]). Recent works provide useful numerical tech-
niques and brilliantly illustrate how the derived quasipotential can be used to
quantify ecological resilience in ecological models [Nolting & Abbott 2016].

However, even after having defined a model, finding the potential func-
tion or performing a bifurcation analysis to explore the range of hystere-
sis might still be difficult. In that case, numerical methods can indirectly
quantify some of the resilience metrics. A classical approach is to ran-
domly sample initial conditions and record the number of alternative end-
point attractors [Beddington et al. 1976]. For instance, the probability of
reaching a given state relative to the total amount of trials is a proxy of
the size of the basin of attraction of that state [Lundström 2017]. Others
suggest measuring the state space within which system trajectories remain
using viability kernel analysis [Martin et al. 2011]. For high-dimensional sys-
tems, efficient ways that are computationally feasible to sample the state
space for approximating the size of the basin of attraction have been pro-
posed [Menck et al. 2013], as well as algorithms for identifying the min-
imum disturbance required to push the system outside its current state
[Halekotte & Feudel 2020, Lundström 2017, Meyer et al. 2018]. Other ap-
proaches intend to integrate multiple measures of the stability landscape. In-
tegral stability, for example, suggest a composite measure derived from both
taking into account the size and the curvature of the basin of attraction of
a given state [Mitra et al. 2015]. Still, such numerical approaches are com-
putationally expensive (computational time grows exponentially with system
dimensionality [Mitra et al. 2015]), and have not been widely adopted by ecol-
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ogists especially in high-dimensional systems, like multispecies communities.

2.3.2 Based on data

If we have no model at hand but lots of observations of the study system,
we can reconstruct a ‘probabilistic’ stability landscape by assuming that the
system has ‘visited’ most parts of the ‘true’ stability landscape. Using the
probability distribution of system states could be achieved by simple his-
tograms or by fitting uni- or multi-variate density (e.g. Gaussian) functions
to the data [Hirota et al. 2011, Berdugo et al. 2017]. In this way, the domi-
nant modes are seen as the potential attractors and resilience can be evaluated
based on their number and distance. We could even go a step further and fit a
generic function (like for instance a polynomial (eq. 2.3) or exponential func-
tion (eq. 2.17)) as approximation of the potential function. This approach is
followed in potential analysis [Livina et al. 2010] that can be used not only
to describe bi-(multi)-modality, but also describe potential properties. For
example, based on standard model selection tools, the best-fitted polynomial
function could be used to identify the number (polynomial degree), position
and distance between alternative basins.

Although these approaches appear promising, they still are limited
to low dimensional applications and require a lot of observations; that
is why the best examples of the application of these approaches come
from remote-sensing data describing vegetation cover in forests, savannas,
and drylands [Hirota et al. 2011, Berdugo et al. 2017, Scheffer et al. 2012b,
van Belzen et al. 2017]. Yet, in multi-dimensional cases (e.g. multispecies
communities), aggregate measures of community/compositional state can
be used through ordination techniques (such as PCA) for identifying al-
ternative states and attraction basins through clustering based on densities
[Génin et al. 2020], or through building weighted networks of states calculated
by pairwise maximum entropy models [Suzuki et al. 2021]. Other methods at-
tempt to reconstruct the parameter space where bistability exists by fitting the
simplest (‘normal’) form function (similar to eq. 2.3) that produce cusp sur-
faces [Grasman et al. 2009, Jones 1975] in three dimensional space made of the
data itself sampled at different environmental conditions [Sguotti et al. 2019].
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Figure 2.1: Resilience metrics in state-space (i.e. perturbations on variables) and
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geometric properties of a potential function. (A) Potential U(x) of a 4th degree
polynomial (eq. 2.3) with the basins of attraction (shaded red and blue areas)
of two alternative stable equilibria (red and blue dots) separated by an unstable
equilibrium (saddle, white dot). (B) Rate of change (the first derivative −U ′(x)
(slope) of the potential) of a system along the potential landscape represents the
velocity with which a system changes across state space (variable x).(C) Probability
distribution P (x) of a bistable system. The number of modes of P (x) serves as
metric of the likelihood of bimodality (b̃istability), while the variance and skewness
of the probability distribution around each dominant mode can serve as proxies
of the shape of the potential landscape. (D) Bifurcation diagram representing the
system’s equilibria as a function of a system parameter (i.e. α0). Green arrow marks
the distance (in terms of variable perturbation) of the current equilibrium (red dot)
to the basin threshold (the same to the distance in panel A). Yellow arrow marks
the distance of the current equilibrium (red dot) to the fold bifurcation point (gray
dot) in terms of parameter perturbation. Brown arrow marks the size of hysteresis.
(E) Change in the curvature and (F) in the potential depth of the potential at
equilibrium of the red basin of attraction as a function of parameter α0. Modified
from [Dakos & Kefi 2022].
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2.4 Critical Slowing Down and Resilience Indicators

An alternative approach that has gained a lot of attention in the last years
is based on estimating changes in the pattern of system dynamics as proxies
of changes in ecological resilience [Scheffer et al. 2015]. In that sense, it is
not the magnitude per se but the relative change in time, space, or along a
gradient that is used as a loss (or gain) of resilience. These indicators (also
referred to as ‘early-warning signals’ [Scheffer et al. 2009], see also Sec. 2.5)
consist of a number of metrics but mostly correspond to trends in variance,
autocorrelation as a consequence of ’critical slowing down’ CSD.

To see what CSD means, note that when the basin of attraction of a
system shrinks, it also becomes flatter (Fig. 2.2). This implies that the
monitored state variable of the system— such as macrophyte cover in a
lake—returns more slowly to equilibrium after a small perturbation (Fig. 2.2B;
[Wissel 1984]). This ’critical slowing down phenomenon’ [Strogatz 1994] has
major consequences for the transient behavior of the system. A system will
take longer to recover from a disturbance when it is close to a tipping point
([van Nes & Scheffer 2007]; Fig. 2.2A1, B1). If the system is subjected to
stochastic perturbations, there are also systematic changes in its fluctuations.
First, it will resemble its previous state more closely when it is close to a
tipping point ([Ives et al. 2003, Held & Kleinen 2004]; Fig. 2.2A2, B2). Sec-
ond, the state of the system will fluctuate more widely around its equilibrium
close to tipping ([Carpenter & Brock 2006]; Fig. 2.2A3, B3). In addition, but
not necessarily, the basin of attraction also could become asymmetric close to
a tipping point (Fig. 2.2; [Scheffer et al. 2009]). Such asymmetry causes the
state of the system to spend more time in the flatter part of the attraction
basin (Fig. 2.2A4, B4). As a result, the distribution of system states becomes
skewed near tipping [Guttal & Jayaprakash 2008].

We should emphasize, here, that although changes in variance and au-
tocorrelation are often interpreted as measures of ecological resilience, they
are primarily based on metrics of engineering resilience. As explained in
Box 2.1 changes in the overall (non-local) properties of the potential (due
to the decreasing distance to bifurcation) are strongly correlated to changes
in the local stability properties of the potential (Fig. Box 2.1). In fact, these
changes are not specific to bistable potential landscapes, but signal proximity
to any bifurcation at which the (local) resilience of the present state changes
[Kéfi et al. 2013].

2.5 Early Warning Signals: methods in space and time

Early warning signals (EWS) are temporal and spatial statistical signa-
tures related (but not restricted) to critical slowing down (CSD). I have
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Figure 2.2: The basin of attraction of a system with alternative stable
states. A, Far from transition, the state of the system lies in a broad basin of at-
traction. Small disturbances to equilibrium are damped by high recovery rates back
to equilibrium. As a result, the time to recover from a disturbance is short (A1).
When monitoring the state of the system in time, the time series is characterized by
low correlation between subsequent values (A2), low variance (A3), and low skew-
ness (A4). B, Close to transition, the basin of attraction shrinks and may become
asymmetric. Small disturbances increase the chance of shifting to the alternative
state, and they are no longer effectively damped as a result of low recovery rates
back to equilibrium. The time to recover from a disturbance now is long (critical
slowing down; B1), and the collective time series is characterized by high correla-
tion between subsequent values (B2), high variance (B3), and high skewness (B4).
Modified from [Dakos et al. 2012].

been working on developing such signals, testing their potential and lim-
itations since my PhD. We proposed this idea in a seminal review paper
[Scheffer et al. 2009] that has triggered a substantial amount of work across
different scientific fields, especially in environmental and climate science
[Scheffer et al. 2012a, Scheffer et al. 2015].

EWS also appear as leading indicators, or more generally resilience
indicators. While most of the work on early warning signals has fo-
cused on the analysis of timeseries, the temporal indicators that signal
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approaching shifts have spatial equivalents as well. This means that
we can also measure EWS using spatial information for systems such as
the distribution of abundance of metapopulations in a fragmented habi-
tat or the distribution of vegetation over a landscape. In such cases,
spatial correlation may rise [Dakos et al. 2010], spatial variance may in-
crease [Guttal & Jayaprakash 2009, Donangelo et al. 2010], and spatial skew-
ness will often peak [Guttal & Jayaprakash 2009] before a spatially connected
system goes through a systemic shift to an alternative state. In addition,
changes in spatial patterns from holes to labyrinths or stripes to dots be-
fore extinction (Turing patterns) can be seen as indicating the distance to
the tipping point [Rietkerk et al. 2004], like for instance, in desert vegeta-
tion [von Hardenberg et al. 2001], seagrass fields [Van Der Heide et al. 2010],
or mussel beds [van de Koppel et al. 2005]. In other cases, it is changes in the
size distribution of clumps that can be used as an indicator of an approaching
transition [Kéfi et al. 2007].

Box 2.2: Methods models and metrics used as early warning
signals for anticipating tipping points for temporal or spatial
data

time
standard deviation/variance autocorrelation
coefficient of variation autoregressive coefficient AR(1)
skewness return rate
kurtosis detrended fluctuation analysis
conditional heteroscedasticity spectral reddening
potential analysis nonlinearity
quickest detection method time-varying AR(p) model
Brock Dechert Scheinkman test mean exit time
probabilistic time-varying AR(p) model threshold AR(p) model
eigenvalue from generalised models likelihood ratio
interaction network–based indicators Discrete Fourier transform
nonparametric drift-diffusion-jump model trait statistical changes
eigenvalue of variance-covariance matrix Kolmogorov complexity
composite metrics/ Machine-Learning Fisher information
space
spatial variance spatial correlation
spatial skewness speed of traveling waves
repair time recovery length
patch size distributions Turing regular patterns

Table 2.1 contains the main resilience indicators that can be used as
EWS. As we have shown for commonly used stability measures in eco-
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logical communities [Dominguez-Garcia et al. 2019], a lot of these indica-
tors are (or are expected to be, but not yet tested) strongly correlated
and may be redundant. There is a series of metric-based and model-
based indicators depending on whether indicators are estimated from a
statistical measure, or whether they are estimated after fitting a model
[Dakos et al. 2012]. In addition, indicators are derived from network
properties [Tirabassi et al. 2014, Cavaliere et al. 2016], or from measuring
changes in traits [Clements & Ozgul 2016], or by combining different met-
rics using machine-learning techniques [Brett & Rohani 2020, Deb et al. 2022,
Bury et al. 2021]. In Box 2.2, I attempt to provide a complete list of meth-
ods/metrics that have been used as EWS for tipping points. I will not go
into the details, but a full description of mostly used temporal and spa-
tial indicators, as well as methods to estimate them can be found in work
we did in [Dakos et al. 2012, Kéfi et al. 2014] and in dedicated R packages
(github.com/vdakos/earlywarningtoolbox, [Génin et al. 2020]).

In addition to new1 [Dakos et al. 2017] or improved methods for tip-
ping point detection (e.g. the probabilistic time-varying autoregressive
models we developed with Ville Laitinen, a PhD student from Finland,
[Laitinen et al. 2021]), it is worth to note some novel directions we have de-
veloped. For example, we theoretically showed how we could develop local
disturbance experiments in spatially explicit systems to identify resilience at
a global scale based on measures of recovery rate [van de Leemput et al. 2018].
In other work, we moved away from warning whether a tipping point is ap-
proached to foreseeing which species are going to be suffering the strongest due
to a tipping point (like for instance by going extinction) [Lever et al. 2020].
Another important question in the context of tipping points in multispecies
communities is to be able to identify the species that will be best to mon-
itor for anticipating a community level transition. Our preliminary work
in simple trophic and competition modules [Dakos 2018] was recently ex-
panded in multispecies mutualistic networks to show that structural prop-
erties of species could hint at identifying the best sentinels of a tipping point
[Aparicio et al. 2021]. Along similar lines, during the Phd thesis of Lucas
Madeiros from the US, we have developed a method for ranking species based
on their sensitivity to perturbations as a way of foreseeing which species might
be most vulnerable to future changes2. Although this method was not devel-
oped in situations with tipping points, it is applied under non-equilibrium
community dynamics moving beyond the standard stable equilibrium setting.

In what follows, I present a few cases where we applied resilience indicators

1F Grziwotz, C-W Chang, V Dakos, E H van Nes, M Schwarzlander, O Kamps, M Hess, I
T Tokuda, A Telschow, C Hsieh. Anticipating the occurrence and type of critical transitions.
(preprint) doi.org/10.21203/rs.3.rs-1397318/v1

2L P Medeiros, S Allesina, V Dakos, G Sugihara, S Saavedra (in revision) Ranking species based
on sensitivity to perturbations under non-equilibrium community dynamics

github.com/vdakos/earlywarningtoolbox
doi.org/10.21203/rs.3.rs-1397318/v1
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in a variety of systems to serve three different purposes: monitoring, ranking,
and mapping resilience.

2.6 Monitoring Resilience

One of the most exciting, but also challenging, purpose is to monitor changes
in the resilience of a single ecosystem [Scheffer et al. 2015] potentially to detect
upcoming tipping points. Note, that it is difficult to interpret indicators of
critical slowing down in an absolute way [Dakos et al. 2015]. It is difficult
to say, for instance, which level of autocorrelation or variance corresponds
to which resilience in terms of probability of shifting to an alternative state.
Thus, the interpretation of change in indicators of resilience is only qualitative,
suggesting merely whether the ecosystem is gaining or losing resilience (and
potentially approaching a tipping point).

The best examples on monitoring resilience come from laboratory experi-
ments, where the monitored data correspond to detailed observations at dis-
crete levels of environmental conditions along a known gradient. For instance,
Dai et al. [Dai et al. 2012] recorded the dynamics of laboratory yeast popu-
lations at discrete, increasing levels of mortality up to a certain threshold,
at which the yeast collapsed to extinction. Together with my colleagues
in Wageningen University we performed a disturbance recovery experiment
on a phytoplankton population in a chemostat where by slowly increasing
light intensity, the phytoplankton population crashed abruptly. We found an
decrease in recovery rate suggesting critical slowing down before extinction
[Veraart et al. 2012]. Alternatively, one can compare changes in resilience
indicators to a their behaviour in a control as was done in a whole-lake exper-
iment involving a trophic cascade tipping point [Carpenter et al. 2011].

However, in most cases we have a continuous record in which we typically
assume that conditions change gradually toward (or away from) a tipping
point point. We may then estimate resilience for different parts of the record
using the same indicators as mentioned above. For a time series, the most com-
mon way to monitor changes in resilience is to measure the indicators within
a sliding window of a given size along the time series. This is what we have
done in paleorecords for the climate past transitions [Dakos et al. 2008], or
lake shifts in eutrophication [Wang et al. 2012] and anoxia [Belle et al. 2017].
More recently, we tested the same resilience indicators in five of the best mon-
itored shallow lake systems for which it has been independently shown that
they have experienced regime shifts [Gsell et al. 2016]. In these lakes, long-
term monitoring from lake sensors and regular sampling provides at least
biweekly records of physico-chemical and biological variables. Contrary to
our hypotheses, we found mixed results in changes in variance and autocorre-
lation that depended on type of regime shift and variable measured (Fig. 2.3;
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[Gsell et al. 2016]). Although such results corroborate similar work on fresh-
water systems [Burthe et al. 2016] to question the use of EWS as "wishful
thinking" [Ditlevsen & Johnsen 2010], they also point that the empirical ap-
plication of such indicators is not sufficiently developed even in the well un-
derstood shallow lake ecosystems [Spears et al. 2016]. In fact, we have not
yet seen specially designed monitoring schemes for tipping point detection,
but only once in the case of reversing an experimentally induced algal bloom
[Pace et al. 2016].

Figure 2.3: Resilience indicators measured in five shallow lake systems
prior to regime shifts. Mann-Kendall trend distributions for EWIs AR-1 and
SD (panel) and per analysed time series (boxplots) and the proportion of significant
differences in trends between data-based and surrogate time series across all rolling
window sizes (significance, grey bar plots). Positive values of trends in the boxplots
represent increasing EWI trends. Note almost in all time series the trends were
robust to the choice of rolling window size. Significance testing was based on com-
paring indicator trends produced from stationary surrogate time series to the empir-
ically reported for fixed rolling window size (see Methods). From [Gsell et al. 2016].
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We attempted with Moritz Lurig (a PhD student from Eawag in Switzer-
land during his research visit in Montpellier) to explore how high-frequency
monitoring in mesocosms with and without macrophytes could be used to
measure resilience indicators of our experimental treatments that mimicked
the two expected alternative states (of macrophyte vs phytoplankton domi-
nance) in a lake.

Publication [Lürig et al. 2020]: Lürig, M. D., R. J. Best, V. Dakos,
and B. Matthews. 2020. Submerged Macrophytes Affect the Temporal
Variability of Aquatic Ecosystems. Freshwater Biology 66: 421–35.

We found that high-frequency monitoring enables estimating resilience in-
dicators at different timescales, but it is challenged by the daily and seasonal
changes that introduce unwanted short- and long-term trends. More impor-
tantly, we were surprised to estimate a higher variability in phytoplankton
(measured as chlorophyl-a and phycocyanin) in the presence of macrophytes
rather than in their absence (Fig. 2.4). The difference was possibly due com-
petitive interactions between phytoplankton and macrophytes that in the pres-
ence of macrophytes are stronger and could thus cause higher phytoplankton
variability [Lürig et al. 2020]. Although the aim of this study was not to iden-
tify tipping points, it clearly demonstrated that estimates of resilience between
different states might not be what we expect from theory, but they need to be
re-evaluated especially if we plan to use them for guiding management, like
ranking systems as I discuss in the following Sec. 2.7.

2.7 Ranking Resilience

Another ways to use resilience indicators in practice is to rank systems of a
similar kind. For instance, we may want to rank the mesocosms in our ex-
perimental set-up that I described in Sec. 2.6, or coral reefs along the Great
Barrier Reef according to their resilience, or compare the resilience of popula-
tions of a species within a given geographic area or a community. For example,
in a theoretical study, we showed how we can use changes in variability and
autocorrelation to identify the most vulnerable species to tipping point ex-
tinctions in mutualistic networks based on 79 empirical plant-pollinator and
plant-seed disperser communities [Dakos & Bascompte 2014]. In Sec. 2.5, I
briefly refer to a a new (generic) method we developed for identifying species
sensitivity to environmental change that could also be related to resilience.
In other cases, we can examine the resilience of sites along an environmental
gradient or stressor. By measuring recovery rate from aerial images of salt-
marsh vegetation over a period of 30 years, we were able to show that their
resilience was a function of the average inundation time that the saltmarsh
was experiencing [van Belzen et al. 2017]. This implies that in a saltmarsh
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Figure 2.4: Resilience indicators measured in five shallow lake systems
prior to regime shifts. Sliding window results from high frequency measurements
of chlorophyll-a and Phycocyanin over time (days 2-9 in each of five consecutive sam-
pling periods during the mesocosm tank experiment). Lines show Mean+/- SE (n =
8 tanks), asterisks indicate significant differences (p < 0.05), dots indicate marginal
significance (p < 0.1). One Generalised Additive Model (GAM) was used per pe-
riod, including tank as random effects. Green (M+) are tanks with macrophytes,
blue (M-) tanks without macrophytes. More details in [Lürig et al. 2020].
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ecosystem we could identify locations that are "slower" and thus less resilient
to inundation and could be prioritised for protection.

Figure 2.5: Remotely sensed vegetation recovery along a gradient of sea-
water inundation. (a,b) The spatial distribution of the average time (in years)
needed for vegetation to recovery after a perturbation in two Dutch tidal marsh
sites. (c,d) Estimated recovery rates as a function of the average (multi-annual)
inundation time revealing critical slowing down of vegetation recovery with increas-
ing inundation time. Grey area (in a, b) represents never disturbed stable marsh
vegetation, white area is the unvegetated tidal flat. Red symbols (c) depict recovery
rates at site 1 ‘Hellegat’ (NL), blue symbols (d) are rates at site 2 ‘Paulina’ (NL)
and error bars depict c.i. Arrows depict the critical condition of marsh vegetation.
Both linear regressions are significant (p<0.005). From [van Belzen et al. 2017].

A limit case of ranking is ranking the risk between two extreme alterna-
tive outcomes (one could also call it classifying). For example, in the case
of depression (nothing to do with ecology), it was shown that variance and
autocorrelation was higher in patients who suffered an onset or termination
of a depressive episode [Leemput et al. 2014]. This observation could be used
to classify patients (or even rank the days of a single patient) in risking or
not of entering depression. In a similar way, we studied changes in variability
and autocorrelation in tree ring dynamics of 3065 dead trees and 4389 living
trees growing at 198 sites mostly in boreal, temperate, and Mediterranean
biomes of North America and Europe [Cailleret et al. 2019]. Our hypothesis
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was that dying trees (for which we had documented the mortality event as
well the reason for it) would show higher variance and autocorrelation imply-
ing lower resilience. In that way, we could use these indicators together with
other tree characteristics to infer the risk of tree mortality and rank a tree
as alive or dying. Although we did find a higher variability and autocorrela-
tion for some tree types and mortality drivers, differences between alive and
dead trees were not significant [Cailleret et al. 2019]. I revisit this approach
in Sec. 4.4 of Ch. 4.

2.8 Mapping Resilience

In the previous two sections, it becomes obvious that CSD indicators as fore-
casting tools are of limited value yet, while ranking is a promising but still
challenging way to go. In fact, the increasing availability of remote-sensed
data, both over spatial and temporal scales, opens a new opportunity for
the application of resilience indicators. We no longer need specific systems
where we can measure consistently and comparably dynamical properties,
but analyse remote-sensed products of sites that share similar features and
are geo-referenced so that with the right filtering or correction, we may get
an approximate estimate of resilience, create ’resilience maps’ and eventu-
ally rank situations at a given moment and place or even speculate over the
proximity to a potential threshold. Such resilience mapping using CSD re-
lated indicators has been mostly applied to forests (as vegetation cover is the
most common attribute to be measured through satellite remote-sensing), like
tropical forests at global scales [Verbesselt et al. 2010], or at local scales (e.g.
resilience of Californian forests to climate change [Liu et al. 2019]), and very
recently a study that suggests a strong loss of Amazon forest resilience in the
last twenty years [Boulton et al. 2022].

Currently, I am pursuing this type of work in forests3 where we quanti-
fied forest resilience dynamics on a global scale and found a declining pattern
for about 23% of intact forest. In drylands, we used remote-sensing data
(both vegetation cover and aerial photographs) to estimate both temporal
and spatial indicators of resilience from drylands in sub-Sahara Africa4. Our
results confirmed our theoretical expectations of the behavior of these indica-
tors along a gradient of rainfall (Fig. 2.6), but also highlighted some interesting
deviations that are related to changes in vegetation patterns rather than the
amount of vegetation cover. Such results can help to build maps and thus
infer the relative resilience of dryland sites across space.

3Forzieri G., Dakos V., McDowell N.G., Ramdane A., Cescatti A. Emerging signals of declining
forest resilience under climate change. accepted in Nature

4Veldhuis M.P., Martinez-Garcia R., Deblauwe V., Pringle R.M., Tarnita C.E., Dakos V.
Remotely-sensed slowing down in spatially patterned dryland ecosystems. in revision
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Closing this chapter, I would like to briefly mention that we can also pro-
duce similar future resilience maps that are constructed from projected cli-
mate model simulations. We did this for mapping changes in temperature
variability from 37 climate models of surface air-temperature under the RCP
8.5 (worst case) scenario [Bathiany et al. 2018]. In particular, we estimated
how often all models agreed in the sign of temporal trend (increase or de-
crease) and reported also the average relative change to be expected before
2100. As expected we found a strong heterogeneity across regions, but with
Amazonia, south Africa and the Arctic coast suffering the biggest change.
Note that we used these results simply as projections of variability in tem-
perature, but they could be also seen as indicators of resilience for climate
sub-systems. What we did was to correlate these changes to socio-economic
factors at the country level (Fig. 2.7). Clearly, our results confirm the climate
injustice [Samson et al. 2011] as the poorest countries are expected to suffer
the strongest variability that could potentially act as destabilising force for
other processes as well (e.g. [Hsiang et al. 2013]; see also Sec. 1.6 Ch. 1).
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Figure 2.6: Critical slowing down with decreasing rainfall and vegetation
cover in Sudan. Data points represent observed values on a 410 by 410 m window
on the ground. Change of the responsiveness (A,B), temporal autocorrelation (C,D)
and temporal variance (E,F) of vegetation greenness in relation to annual rainfall
(A,C,E) and spatial skewness (B,D,F). Overall, the responsiveness increases, tem-
poral autocorrelation decreases and variance increases with both rainfall and spatial
skewness. Responsiveness, temporal autocorrelation and variance do not change
linearly and often show hickups when pattern configuration changes. Lines repre-
sent a loess regression with 50% smoothing span and 95% confidence interval (grey
shading). Insets represent examples of real world patterns with spotted (yellow),
labyrinthine (blue) and gapped (green) vegetation patterns. From Veldhuis M.P.,
Martinez-Garcia R., Deblauwe V., Pringle R.M, Tarnita C.E., Dakos V. Remotely-
sensed slowing down in spatially patterned dryland ecosystems. in revision.
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Figure 2.7: Relative change in variability (Standard Deviation) of monthly temper-
ature anomalies until the end of the 21st century versus per capita GDP between
1990 and 2013 in different countries. The red line marks zero change in temperature
variability. From [Bathiany et al. 2018] redrawn by the Economist.

2.9 Conclusions

Taken together, the recent work on different classes of generic indicators
of ecological resilience has opened up a plethora of new possibilities. Al-
though the concept of ecological resilience has been influential since Holling
[Holling 1973], ideas on how to measure this important property of ecologi-
cal systems have long been missing [Scheffer et al. 2015]. The fact that it is
easy to conceptualise ecological resilience but difficult to operationalise it has
contributed to its misuse (or even abuse) as a concept. Most would agree
that resilience cannot be captured by a single number [Carpenter et al. 2001],
but multiple metrics should be used to provide a composite assessment
[Grafton et al. 2019]. However, the question remains of which metrics these
are. Bridging the gap between resilience theory and resilience in practice has
been a challenge since a long time [Meyer 2016, Grumm 1976], but at this
point we have data and understanding that can help us identify what we can
do (even if approximately) contrary to what is impossible to do. For instance,
we need to test to which extend the correlations between metrics of ecological
and engineering resilience hold in the ecological models we use (Box 2.1). And,
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it is time to use big data to probabilistically identify alternative states and
potential thresholds (e.g. [Berdugo et al. 2020]). In this way, we may finally
bridge the gap between the metaphors of potential landscapes and basins of
attractions and the quantification of ecological resilience in practice.

No doubt ’forewarned is forearmed’. Seen as early-warnings for approach-
ing tipping points, resilience indicators could be a valuable tool. However,
knowing the risk of an approaching transition may be a necessary but not
sufficient condition for avoiding it. In most cases, the indicators are detected
only in retrospect or while the transitions are already unfolding. Indeed, most
of the cases that are documented are on past data and in systems where we
assume that a regime shift took place; such specific choice of systems may be
seen as a bias on how well these signals perform [Boettiger & Hastings 2012].
Moreover, even simulation studies have shown that early warnings may not
be early enough [Biggs et al. 2009, Contamin & Ellison 2009]. In some ecosys-
tems, increased variability may occur over a wide range of conditions near a
transition, whereas in other ecosystems the range of increased variability may
be so narrow as to be useless for practical purposes [van Nes & Scheffer 2007].
Resilience indicators can tell us that ’something’ important may be about to
happen, but they do not tell us what precisely that ’something’ may be and
when exactly it will happen [Dakos et al. 2015]. Thus, next to the warnings,
knowledge of the underlying ecosystem behaviour is important to put the
signals in the right context. For this there is no substitute for site-specific
knowledge and experiments combined with models. Resilience-building ap-
proaches in management [Carpenter et al. 2012] must be mindful of the risk
of surprises that will appear with no warning even in the best-case scenarios.

All these imply that resilience indicators as early-warnings can be part
of the solution to the sustainable management of ecosystems at the brink of
collapse, but there are still at least three types of challenges before reaching
their final application [Dakos et al. 2015]: a) Conceptual. Detection depends
to a great extent on whether the regime shift in question is a tipping point
and whether it is gradually approached. The ability to unequivocally identify
an approaching tipping point is conditional on the underlying mechanism that
drives the shift. If such conditions are not met, misunderstandings and misuses
may arise. b) Operational. Operationalizing resilience indicators identifica-
tion crucially depends on the temporal and spatial scales of the ecosystem in
question and our ability to monitor key variables. Highly variable environ-
ments, or insufficient monitoring protocols, reduce the ability for monitoring
the right variables at the right scale. c) Methodological. Just like any other
quantitative analysis, the sensitivity and significance of resilience indicators
largely depend on the quality and quantity of the data as well as the under-
lying assumptions of the various statistical tools employed.

Hence, although resilience indicators were first introduced as early warn-
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ings for tipping points [Scheffer et al. 2009], it is clear that this is only part
of what they could be used for. The fact that they are generic compro-
mises their specificity as they are not to be expected only before tipping
points of the catastrophic bifurcation type [Boettiger et al. 2013]. In fact
they are to be expected even in cases where there is no bifurcation but a
strong nonlinear response (like in Fig. 1.1 Ch. 1) [Kéfi et al. 2013]. Yet,
their genericity makes them universal as they are related to fundamental
properties of dynamical systems. This makes it possible to measure a phe-
nomenon such as critical slowing down in systems as different as the axon of a
squid [Matsumoto & Kunisawa 1978], the climate system [Dakos et al. 2008],
a yeast population [Dai et al. 2012], or a lake [Carpenter et al. 2011]. Such
generality is rather exceptional in ecology [Scheffer et al. 2015]. Despite lim-
itations and criticisms, the idea of generic indicators of resilience creates en-
tirely fresh ways to look at our data and to design experiments. Such funda-
mental advances are badly needed if we are to understand the effects of rapid
global change on the stability properties of complex natural systems on which
humanity ultimately depends.
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3.1 Context

The previous two chapters highlighted the great emphasis that is given on
the mechanisms that trigger tipping points (Ch. 1) and the possible ways to
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detect them (Ch. 2). Currently, however, tipping point theory largely lacks
an evolutionary perspective, and this might limit our understanding of the
occurrence, timing, and abruptness of shifts between alternative stable states.
In this chapter, I argue that both trait variation and trait evolution are im-
portant for anticipating ecosystem dynamics in the vicinity of tipping points,
and even for understanding the emergence of tipping points themselves. This
is what I call an eco-evolutionary framework for the study of tipping points.
The chapter is structured as follows. First, I outline some general hypotheses
of how trait evolution may affect tipping point responses. Second, I present a
specific model example where we theoretically confirm few of the general hy-
potheses in an eco-evolutionary lake vegetation model. Third, I describe when
evolutionary adaptive dynamics can lead to the emergence of phenotypes that
can produce alternative states. As a side-track, I also briefly present how we
can even analyse patterns in genetic signals to detect speciation events in a
model where speciation is an abrupt process resembling a tipping point.

3.2 Why evolution matters for tipping point responses

Developing a trait-based evolutionary perspective about tipping
points in ecosystems is warranted by the growing evidence that
changes in standing levels of trait variation and contemporary
trait evolution are important drivers of ecological processes (e.g.
[Saccheri & Hanski 2006, Kinnison & Hairston 2007]), by influencing
population dynamics [Yoshida et al. 2003], shaping the structure of
species interactions in communities [Pantel et al. 2015], or affecting
species composition at the metacommunity level [Farkas et al. 2013].
Such ecological effects of evolution also extend to ecosystem function-
ing [Norberg et al. 2001, Matthews et al. 2011, Hendry 2017], by mod-
ifying material fluxes [De Mazancourt et al. 1998], primary production
[Gravel et al. 2011], nutrient recycling [Loeuille et al. 2002], and decomposi-
tion [Boudsocq et al. 2012]. Changes in life-history traits caused by environ-
mental stress (like fishing) have been shown to destabilise dynamics of popu-
lations [Anderson et al. 2008] or whole communities [Kuparinen et al. 2016],
and even increase their risk of extinction [Hutchings & Reynolds 2004].
Fitness-related traits (e.g. body size) can systematically change before
populations collapse [Clements & Ozgul 2016] and can be used as indicators
of biological transitions [Spanbauer et al. 2016, Clements & Ozgul 2018].
Thus, it is reasonable to expect that changes in trait distributions might be
important for understanding ecological tipping points as they might affect the
variation in the sensitivity to environmental stress among species, populations,
or individuals in an ecosystem [Peterson et al. 1998, Elmqvist et al. 2003].
This sensitivity underlies the response capacity of communities to stress
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[Vellend & Geber 2005, Enquist et al. 2015] such that trait changes could af-
fect the resilience of entire ecosystems [Mori et al. 2013] and their probability
of tipping to a different state.

Ecosystem resilience can be affected by variation in traits
[Norberg et al. 2001, Matthews et al. 2011] underlying the performance
and fitness of organisms in a given environmental state (i.e. response traits),
or those causing direct or indirect effects on the environmental state (i.e. effect
traits) (Table 1). The distribution of such response and effect traits can vary
due to phenotypic plasticity, species sorting, or evolutionary trait change, and
distinguishing between these mechanisms can be important for understanding
the ecological dynamics of trait change in general [Cortez 2011], and of
tipping points in particular. Phenotypic plasticity, where genotypes exhibit
different phenotypes in different environments, is a relevant source of trait
variation, particularly when the phenotypic changes relate to the capacity
of organisms to respond to stress. However evolutionary responses to stress
depend on heritable trait variation in a population [Hansen et al. 2012], which
can originate from novel variants due to mutation [Nei 2007], recombination
[Ortiz-Barrientos et al. 2016], or gene flow among populations and species
[Seehausen 2004].

It is the effect of evolutionary trait changes on tipping points at the ecosys-
tem level that this chapter is about.

3.3 Trait evolution could delay, eliminate, or lead
earlier to collapse

In this part, I present the possible ways we hypothesized trait evolution can
affect collapse and recovery trajectories of ecosystems along an environmental
gradient based on a graphical approach. We neglect genetic versus plastic
sources of trait distributions, but focus on how trait variation and trait change
over time can influence ecosystem tipping points in a generic way. The results
are based on the perspective piece [Dakos et al. 2019] to be found in Part III.

3.3.1 Delay tipping

Broadly, trait variation simply means that some resistant phenotypes are
present in a population. However, trait variation also facilitates trait changes,
while trait changes might be fueled by de novo mutation and phenotypic
plasticity. In ecosystems where stress gradients bring them closer to tip-
ping points, trait changes could potentially delay tipping to the alterna-
tive state (Fig. 3.1A). This resonates with the idea of evolutionary rescue
[Gomulkiewicz & Holt 1995, Bell & Gonzalez 2009], the difference being that
there is no rescue, but rather only a delay in the collapse of the system by
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shifting the threshold at which the collapse occurs at a higher stress level
(Fig. 3.1B). For instance, in the case of a shallow lake turning turbid due to
eutrophication, aquatic macrophytes might delay the transition to a higher
threshold level of nutrients because of contemporary changes in traits that
convey tolerance to shading.

3.3.2 Eliminate tipping

If trait variation is high, we predict that the probability of tipping points
may even be eliminated by turning ecosystem responses to non-catastrophic.
This can be due to portfolio effects that introduce strong heterogeneity in
population processes, interactions, and responses [Bolnick et al. 2011] buffer-
ing population dynamics [Schindler et al. 2010] driven by high standing trait
variation. Such heterogeneity can be enhanced by Jensen’s inequality
[Bolnick et al. 2011], where variation around the mean of a trait can affect
the response of an ecological interaction or an ecological process in function of
the nonlinear relationship between the trait and its effect [Ruel & Ayres 1999].

3.3.3 Earlier tipping

We cannot exclude the possibility that trait changes could also contribute
to an increased risk of ecosystem collapse (Fig. 3.1C, D). For exam-
ple, environmental stress could impose directional selection on a trait
in a given species or group of species that brings the system closer
to tipping to an alternative ecological state [Dieckmann & Ferriere 2004,
Rankin & Lopez-Sepulcre 2005]. This is similar to evolutionary col-
lapses or evolutionary suicide as defined in evolutionary biology
[Gyllenberg & Parvinen 2001, Ferriere & Legendre 2013], but here the col-
lapse occurs at the scale of a whole ecosystem. Empirical examples of trait evo-
lution leading to population collapse come mostly from fish populations under
harvesting [Rankin & Lopez-Sepulcre 2005, Walsh et al. 2006]. For example,
it has been shown how fishing pressure has led to the early maturation of At-
lantic cod populations [Olsen et al. 2004] that is associated with lower repro-
ductive output and irregular recruitment dynamics that could have increased
the chance of stochastic extinction and the cod collapse in the 1990s. At the
scale of ecosystems, like in a shallow lake, we may hypothesize that macro-
phytes at intermediate turbidities might respond by growing longer stems
with fewer leaves in order to reach well-lit surface waters and avoid shading.
If this, however, results in less photosynthetic activity and less capacity to
remove nutrients from the water column, it might prevent macrophytes from
outgrowing the algae and maintaining a clear water state.
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Figure 3.1: Hypothetical alterations of trajectories of ecosystem collapse
(left panels) as a consequence of trait change (right panels) (A, B) Con-
temporary adaptive mean trait change delays the threshold at which the tipping
point occurs (δ E), potentially associated with a cost that decreases the equilibrium
ecosystem state. (C, D) Adaptive mean trait changes might in the short term in-
crease the equilibrium ecosystem state while at the same time also induce an early
collapse. (A, C) Black and gray lines represent the two alternative states of the ref-
erence model with no phenotypic change, dashed lines mark the unstable boundary
between the two states, circles denote tipping points. (B, D) Dashed black line is
the reference scenario with no trait change.

3.4 Trait evolution and the path of recovery after
collapse

Changes in trait distributions over time may also affect the recovery trajectory
of an ecosystem back to its previous state and the range of hysteresis, i.e.
the lag in the threshold of the environmental driver at which recovery to
the pre-collapsed state occurs (see 5.9). Various outcomes can be possible.
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In the case where trait changes delay a tipping point, this delay will not
necessarily result in an equally early recovery; in other words hysteresis in the
system will increase. In other words, the response is symmetric such that if
evolution buffers the system against environmental change, this can not only
delay reaching a tipping point but it may also result in stronger hysteresis:
collapse later and recover later.

The opposite scenario could be also possible. Trait changes may acceler-
ate recovery and reduce hysteresis (Fig. 3.2). This may happen if, after the
collapse, a highly adaptive phenotype is selected for facilitating recovery only
at a small reduction of stress. For example, after the collapse of a phyto-
plankton population due to light stress in the laboratory, recovery took place
earlier than expected due to a (probably plastic) adaptive photo-acclimation
response [Faassen et al. 2015]. If after the collapse a different phenotype is
selected for, or if there is recovery of the lost phenotypic variation (e.g. due
to immigration), it may even be possible that the recovery pattern becomes
non-catastrophic.

Most importantly, in both cases, it is uncertain whether the ecosystem will
actually recover to the exact same state as before the collapse. The degree
to which complete recovery happens might probably depend on the trait that
changes. In fact, evolutionary processes in the deteriorated state might even
cause the collapsed species to lose the genetic variation necessary for recovery
to, and high fitness in, the alternate state [Murray et al. 2017]. This may
result in no recovery at all.

3.5 Adaptive trait evolution and tipping responses in a
shallow lake model

We tested the above hypotheses with Catalina Chaparro, a postdoc co-
supervised together with Blake Matthews, in a paper where we used a quan-
titative genetics approach [Abrams 2005] to study how contemporary genetic
trait change may affect tipping points under rapid environmental change.

Publication [Chaparro-Pedraza 2021]: Chaparro Pedraza, P. C., B.
Matthews, L. de Meester, and V. Dakos. 2021. Adaptive Evolution
Can Both Prevent Ecosystem Collapse and Delay Ecosystem Recovery.
The American Naturalist 198: E185–E197.

We used shallow lakes as a model system (Box 3.1) where aquatic vegeta-
tion collapses at a critical nutrient load triggered by a positive feedback that
allows the dominance of algae and the lake tipping from a clear to a turbid
water state.

Under rapid macrophyte evolution and slow environmental change, we
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Figure 3.2: Potential consequences of trait change on the recovery trajec-
tories of an ecosystem after collapse Starting from a high value of environmental
stress E, if stress is progressively reduced, the ecosystem recovers to the pre-collapse
state at the tipping point following the black solid line (no phenotypic change tra-
jectory). In the presence of phenotypic changes, recovery may be delayed or occur
earlier (green dotted lines). This implies that phenotypic changes affect the range of
hysteresis and the ease of recovery. In both cases, it is unclear whether the ecosys-
tem shifts back to exactly the same state as before the collapse. It may even be
possible that the collapse has allowed the emergence of a different (new) phenotype
that could turn the recovery path non-catastrophic (smooth). Solid lines represent
the two alternative states of the reference model with no phenotypic change, dashed
lines mark the unstable boundary between the two states, circles denote tipping
points.

found that asymptotically the tipping point to collapse is delayed, the tip-
ping point of recovery occurs earlier and the range of bistability decreases
when compared to the no evolution scenario (Fig. 3.3) as we hypothesized in
3.3. A closer analysis, however, reveals that the ecosystem response to a de-
teriorating environment depends greatly on the interaction between the rates
of environmental change and evolution.

Specifically, when environmental stress increases slowly and the evolu-
tionary process is fast, adaptive evolution of macrophytes prevents ecosys-
tem collapse (i.e. tipping point delay) (Fig. 3.4A). Once the lake col-
lapses, we find that evolution can delay ecosystem recovery following a slow
management intervention (i.e. in our case a reduction in nutrient load-
ing). As selective pressures in the alternative states greatly differ, adap-
tation to the degraded turbid state delays the recovery of the ecosystem
when conditions ameliorate (Fig. 3.4B). This is because of a trade-off be-
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Figure 3.3: Equilibria of the shallow lake model with and without evo-
lution Macrophyte density (A) and mean trait value (B) at ecological-only and
eco-evolutionary equilibrium as function of nutrient loading. The ecological equilib-
rium is computed for a macrophyte population with mean trait value equal to zero
and no genetic trait variance (σG2= 0), therefore natural selection cannot induce
phenotypic changes. Solid lines represent stable equilibriums (states) and dotted
lines represent unstable equilibriums (states). Bistability occurs in the shaded re-
gions (blue in the ecological model, and red in the eco-evolutionary model) delimited
by tipping points that mark the transition between alternative stable states (open
circles when the trasition corresponds to the collapse of the macrophyte population,
and filled circles when it corresponds to recovery). The vertical dashed line indicates
the nutrient loading equal to 7.5. Note the delay collapse and earlier recovery effect
of evolution compared to the no-evolution case, as well as the decrease of the bista-
bility range. Model parameter values as can be found in [Chaparro-Pedraza 2021].

tween shading tolerance and performance, and since evolutionary processes
occur slower compared to the ecological dynamics, ecosystem recovery may
be slower in systems with evolution. As a result, whereas tipping point the-
ory predicts a shift back to the clear-water state to occur "fast" (ie abruptly)
once the environmental conditions are restored to a level beyond the tip-
ping point that marks the transition from the turbid to the clear-water state
[Scheffer et al. 2001, Scheffer & Carpenter 2003, Folke et al. 2004], we found
that evolutionary change can transform the recovery from an abrupt to a
gradual response.

But perhaps the most interesting- and to a certain extent unexpected- re-
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Figure 3.4: Eco-evolutionary dynamics under changing environmental
conditions (A) Nutrient loading increases with a rate 0.001 per day from 0.01 until
7.5. Dynamics of the macrophyte density (green lines) and trait (black lines) when
evolution does not take place (due to absence of genetic trait variance, σG2 = 0) and
when it does occur (σG2 = 0.05). When evolution occurs the macrophyte population
has initially a trait value of 0 (it is well adapted to the low nutrient loading) and as
nutrient loading increases the trait value increases; when nutrient loading reaches
its maximum (7.5) the trait value equals 0.3, after nutrient load stabilizes the trait
approaches a value of 1.4. (B) nutrient load decreases with a rate 0.001 per day from
9 until 5. Dynamics of the macrophyte density (green lines) and trait (black lines)
for the nutrient loading trajectory in panel D when evolution does not take place
(due to absence of genetic trait variance, σG2 = 0) and when it does occur (σG2 =
0.05). When evolution occurs the macrophyte population has initially a trait value
of 8.2 (it is well adapted for the nutrient loading level equal to 9) and as nutrient
loading decreases the trait value decreases. Model parameter values as can be found
in [Chaparro-Pedraza 2021].

sult is that the introduction of evolutionary dynamics in the shallow lake
ecological model makes the system sensitive to the rate of environmental
change. When environmental stress increases fast and the evolutionary pro-
cess is comparatively slow, a collapse to the turbid state occurs even earlier
than in the case of no evolution (Fig. 3.5A). This means that whereas in the
absence of evolution the ecosystem collapses when nutrient loading exceeds
a certain magnitude, in the presence of evolution such collapse can also be
caused by the rate at which nutrient loading increases (Fig. 3.5B). This is the
consequence of the different time-scales at which ecological (fast) and evolu-
tionary (slow) dynamics occur as they have been described in other systems
[Vanselow et al. 2019, Gil et al. 2020].
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Figure 3.5: Eco-evolutionary dynamics under fast and slow environmen-
tal change (A) Nutrient loading increases with a rate 0.01 per day from 0.01 until
7.5. Dynamics of the macrophyte density (green lines) and trait (black lines) when
evolution does not take place (due to absence of genetic trait variance, σG2 = 0) and
when it does occur (σG2 = 0.05). (B) Time during which macrophyte density is be-
low an arbitrary threshold of 0.5 g/m3 (color axis) when nutrient loading increases
from 0.001 until 7.5 as a function of the rate of increase in nutrient loading (horizon-
tal axis) and the genetic trait variance (vertical axis). The time during which the
macrophyte density is below 0.5 equals 0 when the combination of environmental and
genetic trait variance enables evolution to prevent the collapse of the shallow lake
ecosystem, whereas it is larger than 0 when the ecosystem collapses and evolution
drives the recovery. Model parameter values as in [Chaparro-Pedraza 2021].

Finally, we found that things become even more interesting because, even
when the collapse occurs, gradual evolutionary trait change returns the ecosys-
tem to its pre-collapse state (Fig. 3.5A, B). Selection can drive the trait value
beyond the tipping point that marks the transition to the clear-water state,
resulting in an “evolutionary recovery” of the ecosystem. In other words, for
specific relative evolutionary and environmental change rates, evolution can
both collapse and rescue an ecosystem. Note, however, that this is a transient
dynamic that can take a really long time to unfold. If there are barriers to evo-
lution, such as the absence of genetic variation or interference from trade-offs
with responses to other selection pressures, the ecosystem can stay "trapped"
in the turbid state. In addition, demographic stochasticity could lead the
population of macrophytes to extinction before the evolutionary process can
drive the trait value beyond the tipping point that marks the transition to
the clear-water state.

In general, our results indicate that a long delay in the intervention after
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a regime shift may often be detrimental for the recovery time, and even more
detrimental when trait variation is lost during the collapse. This finding
implies that measures aiming at restoring degraded ecosystems should focus on
a fast intervention to ameliorate conditions, in combination with conservation
or introduction (e.g. through transplantations) of genetic variants that are
well-adapted to the desired state.

Box 3.1: An eco-evolutionary model of a shallow lake with
tipping points

The basis of our eco-evolutionary model [Chaparro-Pedraza 2021] is a
shallow lake ecological model that cause transitions between the clear-
water (macrophyte-dominated) and the turbid-water (algae-dominated)
alternative states [Scheffer et al. 1993, Scheffer et al. 2009]. The main
mechanism underlying the existence of ASSs in shallow lakes is that
macrophytes reduce turbidity by limiting algae (i.e., phytoplankton)
growth, whereas turbidity (mostly driven by algae density) decreases
macrophyte growth due to shading. The densities of the algae A and
the macrophyte M are given as follows [Scheffer 1998]:

dM
dt

= rMM

(
1− M

KM

hA
P + AP

hA
P

)
dA
dt

= rAA

(
1− A

T0

hM +M

hM

)
.

In this model, rA and rM are the maximum growth rates of the
algae and macrophytes, respectively. T0 is the nutrient loading and
defines the carrying capacity of algae. KM is the carrying capacity of
the macrophyte population. Algae limit macrophyte growth due to
shading according to a Hill function whose steepness is defined by P
and with half saturation hA. hA is the level of algae density where
shading has half of its maximum effect on macrophyte growth. In
turn, macrophytes negatively affect the growth of algae by limiting
nutrient availability that defines algae carrying capacity following an
inverse Monod function with half saturation hM . The half-saturation
parameters, hA and hM determine the effect of algae on macrophytes
and vice versa, therefore they can be influenced by traits affecting the
interspecific competitive ability of algae and macrophytes.

To model evolution in the macrophyte population, we assume a quan-
titative trait x that affects the response of macrophytes to algae hA.
The quantitative trait might correspond to, for example, photopigment
synthesis that enhances shading tolerance [Henley & Ramus 1989]. We



72 Chapter 3. An Eco-Evolutionary Framework for Tipping Points

(Box 3.1, continued)

may assume that
hA(x) = hA0e

λx,

where hA0 is the background half saturation and λ (> 0) is an expo-
nential factor that determines how hA increases as function of the trait
x.
We define x as a quantitative macrophyte trait that is normally dis-
tributed with mean x and phenotypic variance σ2; therefore, its density
function is
p(x, x) = 1/

(
σ
√
2π
)
exp

[
− (x− x)2 / (2σ2)

]
. Trait heritability is de-

termined by the ratio of genetic variance σG to total trait variance σ
(σG2/ σ2).
Due to resource allocation tradeoffs, we also assume a resource tradeoff
between light harvesting (enhancing shade-tolerance) and growth (i.e.
biomass yield per unit absorbed light) with an optimal trait value θ
when turbidity is low, and thus the trait value is low. However, when
the trait value increases the increased cost of macrophyte competitive
ability translates into a reduction in macrophyte carrying capacity KM .
Hence, KM is maximal when x = θ and decreases in a Gaussian manner
as x moves away from θ:

KM(x) = Ke
−(x−θ)2

2τ2

K is the macrophytes carrying capacity under low turbidity conditions
and τ determines the width of the Gaussian function.
Finally, from the above the fitness W (i.e. per capita growth rate) of a
macrophyte with trait x is given by

W (x,A,M) = rM

(
1− M

KM(x)

hA(x)
P + AP

hA(x)
P

)
and the average fitness W of the macrophyte population is

W (x,A,M) =

∫ ∞
−∞

W (x,A,M) p (x, x)dx.

The macrophyte dynamics are thus given by

dM
dt

= M W (x,A,M) ,

and the phenotypic trait change depends on the fitness gradient and
genetic variance following standard quantitative genetics techniques
[Lande 1976]:
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(Box 3.1, continued)

dx

dt
= σG

2∂W (x,A,M)

∂x
.

3.6 Evolution and the emergence of tipping points in a
shallow lake model

Yet, although the previous work focuses on the importance of understanding
the effect of evolution in ecosystems with tipping points, the role of evolution
in the emergence of positive feedbacks that are responsible for the existence of
tipping points in these same ecosystems is a completely overlooked topic. In
other words, how could ecosystems with tipping points have emerged in the
first place? In 1, we saw how ecological theory, without evolution, examines
the conditions that are necessary for alternative stables states to occur in dif-
ferent systems [De Roos & Persson 2002, Scheffer et al. 2003, Kéfi et al. 2007,
Mumby et al. 2007]. However, we do not know if and under which conditions
alternative stable states will emerge in an ecosystem after its long term evo-
lution.

We were puzzled by this question in the M2 master thesis of Alice Ardichvili
who we co-supervised with Nicolas Loeuille during my stay in Sorbonne Uni-
versity at iEES (the thesis was funded by a grant awarded from the French
Foundation on Biodiversity Research (FRB)). We hypothesized that the evo-
lution of a population’s trait could explain the emergence of positive feedbacks
that eventually lead to tipping points. If we can understand this process, we
could also begin making predictions of whether evolution under current envi-
ronmental change can "push" ecosystems in regions of parameter space where
tipping point responses would become possible.

Preprint [Ardichvili et al. 2022]: Ardichvili, A., Loeuille, N., and V.
Dakos. 2022. Evolutionary emergence of alternative stable states in
shallow lakes. bioRxiv.

Master Thesis, M2 Ardichvili, A. Eco-evolutionary dynamics of
macrophytes in shallow lakes: diversification, resilience and emergence
of alternative stable states. Sorbonne University, 2020.

To tackle this question we turned back to the shallow lake ecosystem.
We modeled the adaptive dynamics of a single macrophyte population whose
growth depth in a shallow lake can evolve. A macrophyte’s growth depth in
the lake can be under the genetic control of the length of its stem or the buoy-
ancy of its leaves. We expected that the way nutrients and light are distributed
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in the water column and the competition between potentially diversified phe-
notypes should be a strong determinant of evolutionary outcomes. We also
expected that if coexisting phenotypic populations are indeed differentiated
in terms of competitive ability for light and nutrients, this competitive ability
should determine the response of the lake ecosystem to stress with potentially
tipping points. Our hypothesis was that in sufficiently differentiated pheno-
typic populations, asymmetries in competitive abilities for light and nutrients
should create strong positive feedbacks that could lead to the establishment
of alternative stable states.

We explore these questions using three different evolutionary scenar-
ios combining three mechanisms present in a shallow lake as suggested by
[Scheffer et al. 2003] (Fig. 3.6). In the first scenario, depth determines the
quantity of light and nutrients that a macrophyte population has access to.
In the second scenario, we add asymmetric competition created by shading:
shallower macrophyte populations shaded deeper populations thereby creating
a priority effect in the access for light. Finally, in the third scenario, we added
priority in the access to the available nutrients for macrophyte populations
that grew closer to the sediment.

Contrary to the previous section where we used a quantitative genet-
ics framework to explore rapid evolution to environmental changes, here
we used adaptive dynamics (AD) [Metz et al. 1992, Dieckmann & Law 1996,
Geritz et al. 1998]. In the adaptive dynamics framework, each population is
characterized by a quantitative phenotypic trait (in our case z, depth in the
lake). Depth in the lake, z, varies from the surface (z = 0) to the bottom
(z = zb). Small values of z are closer to the surface and are referred to as
“shallower” or “above”. Larger values of z are deeper and referred to as “below”.
The main assumption of AD is the separation of evolutionary and ecological
timescales: the dominant population with trait z (called the resident popula-
tion) is assumed to be at its ecological equilibrium and sets the conditions felt
by invading phenotypes (called mutant populations). Mutants, characterized
by trait zm, are occasionally introduced. Whether a mutant is able to invade
the resident population depends on the sign of the invasion fitness, defined as
the per capita growth rate of a rare mutant in the stationary conditions set
by the resident population of trait value z. By definition, residents (ie. identi-
cal phenotypes) can neither invade nor be invaded by the resident population
and have a null invasion fitness: s(z, z) = 0. Mutants with a negative invasion
fitness die out. Mutants with a positive invasion fitness successfully invade
the resident population, grow, and eventually replace the resident, thereby
becoming the new resident population. Thus, the invasion and replacement
of macrophyte populations with different traits in our model ecosystem led to
the following trait dynamics equation [Dieckmann & Law 1996]:
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Figure 3.6: Three evolutionary scenarios based on different combinations
of ecological mechanisms in a shallow lake model A: in scenario 1, the depth at
which a macrophyte population settles is simply associated with a trade-off between
access to light and nutrients. B: in scenario 2, in addition to the trade-off, we
introduce asymmetric competition for light, i.e. a phenotype that grows higher in
the water column shades all phenotypes below it. C: in Scenario 3, on top of the two
previous mechanisms, we consider a priority effect to nutrients whereby phenotypes
that grow deeper in the water column are more efficient at removing nutrients.
(z denotes water column depth, arrows the light competition between macrophyte
phenotypes, impact is the effect of macrophytes on nutrient removal from the water
column and corresponds to the strength of the priority effect)

dz

dt
=

1

2
µσ2M∗(z)

∂s

∂zm
(zm, z) (3.1)

where µ is the probability of mutation, σ the mean amplitude of the mutation,
M∗(z) the equilibrium population size and ∂s

∂zm
(zm, z) the fitness gradient

defined as the derivative of the invasion fitness with respect to the mutant
trait. What is important to note is that evolution followed the fitness gradient.
Evolution drives the population to an Evolutionary Singularity (ES) at which
the fitness gradient is null.
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3.6.1 Evolutionary scenario 1: Light and nutrients determine the
evolution of a macrophyte’s depth in the lake

In the first scenario, where light was attenuated with depth and nutrients were
diffused from the bottom of the lake (Fig.3.6A), we found that depth position
simply determined the quantity of light and nutrients a macrophyte population
had access to. As a result, the macrophyte population systematically evolved
towards a selected depth (a stable ES) (Fig. 3.7A1). The exact selected depth
depended on the strength of diffusion (u) and the degree of light attenuation
(w) (Fig. 3.7A2).

3.6.2 Evolutionary scenario 2: Asymmetric competition by shad-
ing enables macrophyte diversification

In the second scenario, in addition to the light-nutrient trade-off, we consid-
ered the effect of asymmetry in competition for light. We found that adding
this mechanism enabled the macrophyte population to diversify, meaning that
more than one phenotype could be supported in the lake. Fig. 3.7B1 however
reveals that conditions for diversification occurred only for a certain range of
nutrient diffusion (4.5 < u < 5.5). Outside of this interval, evolution still
favored a single phenotype following the pattern found under evolutionary
scenario 1: as nutrient diffusion increased, the evolutionary singularity rose
closer to the surface. Indeed, diversification was only possible in a subset of
light attenuation and nutrient diffusion conditions (Fig. 3.7B2). Within the
branching region, macrophytes diversified into two phenotypes in the most
restrictive light and nutrient conditions (crosses situated at the upper left
boundary of the branching region), while as conditions became less restric-
tive the population diversified in more than two phenotypes (towards lower
light attenuation and higher nutrient diffusion). For sufficient nutrient diffu-
sion (u > 6.2) and regardless of light, the population systematically evolved
towards the surface.

3.6.3 Evolutionary scenario 3: Priority effect of nutrient retention
kicks off a positive feedback

In the third scenario, we considered a third additional mechanism, that of a
priority in access to nutrients when a macrophyte grows close to the bottom
of the lake. We found that in this scenario evolution could lead to a system
that diversified and exhibited alternative stable states. As shown in scenario
2, diversification was possible for a restricted set of nutrient diffusion and
light limitation (Fig. 3.7C1, C2). However, this set was smaller in scenario 3
compared to scenario 2 and spanned different limits. Whereas diversification
was possible from u 3.9 to 6.2 in scenario 2, in scenario 3 the u ranged from
3.9 to 5. On the other hand, w ranged from 0 to 0.35 in scenario 2 vs. from 0
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to 5 in scenario 3. What is more important, though, was a different pattern of
diversification: cyclic branching. After diversification, one of the phenotypes
went extinct, and the remaining monomorphic population returned to the
convergent singularity where disruptive selection started again, leading to a
cyclical diversification behavior (Fig. 3.8C).

3.6.4 Evolution allows for alternative states only for a limited
range of conditions

But did evolution made possible alternative stable states in our model? In
the presence of the two mechanisms of a light nutrient trade-off together with
asymmetric competition due to shading (scenario 2), evolution led to diversi-
fied phenotypes but not to alternative states (Appendix D Fig. 3.8A, D). Only
in the presence of the priority effect in the access to nutrients of the deepest
phenotype (scenario 3), alternative states emerged and that only for a certain
range of nutrient and light availability (four out of the twelve cases marked
by black stars in Fig. 3.7C2), we found abrupt transitions between alternative
states in response to nutrient enrichment (Fig. 3.8E).

Our findings are in line with [Scheffer et al. 2003] where the presence of
all 3 competitive asymmetries is necessary to incur alternative states: 1)
submersed macrophytes have access to more nutrients than floating macro-
phytes, whereas floating macrophytes have more access to light than sub-
mersed macrophytes, 2) floating macrophytes limit the growth of submersed
macrophytes by shading them out, and 3) submersed macrophytes limit the
growth of floating macrophytes by better removing nutrients from the water
column. Note however that we did not find that the macrophytes diversify
to the two distinct phenotypes, “floating” (z = 0) and “submersed” (z = zb)
typically observed in ponds as modeled by [Scheffer et al. 2003]. Instead, in
our case, evolved phenotypes are only separated by approximately 2 meters
in our modeled 10 meter lake. This relatively small difference between the di-
versified phenotypes is explained by the trade-off for light and nutrients that
allows diversification only within a range of (intermediate) depths. Out of this
range, diversification is not possible because shallow phenotypes would lack
nutrients, whereas deep phenotypes would lack light. Consequently, we find
a specific range of conditions where light and nutrient availability allow the
existence of diversified phenotypes (red area in Fig. 3.7B2,C2) and an even
more limited range where the phenotypes constitute alternative states (stars
in Fig. 3.7C2). However, the cyclic branching events offer evidence for the idea
that sufficient differentiation is required between the two phenotypes. Indeed,
alternative stable states can only occur late in the diversification cycle when
the populations are different enough, but not early.

In sum, we might have not found that evolution led to the two contrasting
floating and submersed macrophyte types possibly due to the simplicity of our
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Figure 3.7: (Left panels) E3-diagram showing the ES according to the strength
of nutrient diffusion u. The population converges to a selected strategy and settles
there (CSS, solid black line A1), or converges towards the line then diversifies (BP,
dashed red, B1, C1). Arrows show the direction of evolution for phenotypes above or
below the ES. (Right panels) Joint effect of nutrient diffusion and light attenuation
on the ES. In the blue region of the plot, the population converges towards a selected
depth. Diversification (BP) is possible in the red region. Symbols are placed where
we ran simulations. A: evolutionary scenario 1: The population always converges to
a selected depth (CSS). B: evolutionary scenario 2: In most cases, the population
converges to a selected depth, but some combinations of nutrient diffusion and light
attenuation enable the emergence of polymorphism (B2). C: evolutionary scenario
3: Ecological perturbations after diversification can lead to tipping points (E in
C2.)(ES: Evolutionary Singularity, CSS:Continously Stable Strategy, BP: Branching
Point)
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model as well as to the fact these two types have probably did not emerge from
a common ancestor. Yet, our findings demonstrate that alternative states do
arise for rather small phenotypic differences. This is because asymmetric com-
petition due to shading and the priority nutrient access are strongest only for
small differences in depth. It is such asymmetries that determine the strength
of the positive feedback between the two macrophytes and eventually the ex-
istence of alternative states. What we find, though, is that alternative states
are only possible for a limited range of parameter space, which nonetheless
is accessible in the course of evolution. Whether ecosystems are evolving to-
wards such conditions under human disturbances and current environmental
change remains a possibility.
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Figure 3.8: Ecological dynamics with and without alternative states fol-
lowing evolution A,B,C: Eco-evolutionary simulations of the third evolutionary
scenario for different light attenuation conditions. Each line represents the evolu-
tion of a phenotype with a specific growth depth z. In most cases evolution led to
two dominant phenotypes (A,B), whereas in some cases to cyclical diversification
events where after branching one phenotype goes extinct abrupty and diversifica-
tion repeats itself (C). Crosses mark trait values of w and u used for the bifurcation
analysis of panels D-G. D,E,F,G: Bifurcation analysis of an ecological perturbation
of the two evolved macrophytes populations (black and grey lines) from panels A-C.
Solid lines are stable equilibria, dashed lines are unstable equilibria of population
density as function of increasing nutrient concentration in the lake N0. In some
cases, the two populations evolved to a depth where they did not respond with
tipping points to nutrient enrichment, but with smooth transitions (transcritical
bifurcations) from dominance of the deeper macrophyte (gray line) to coexistence
and outcompetition by the shallower macrophyte at high nutrient levels (A,D). In
other cases, populations evolved at a depth where nutrient enrichment led to coex-
istence followed by the deeper macrophyte collapsing through a tipping point (fold
bifurcation) when outcompeted by the shallower phenotype. (B,E). In the case of
cyclical diversification the response to nutrient enrichment depended on the timing
of disturbance: smooth early in the evolutionary cycle (F), or abrupt (through a
tipping point) closer to the end of the cycle (G).

3.7 Signatures of abrupt speciation events

At this point, I take the opportunity to shortly present a relevant, yet different
study on the interplay between evolution and tipping points. It is based on
the M1 master thesis of Maïdie Sinitambirivoutin who we co-supervised with
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Patrik Nosil during spring of 2020.

Manuscript: Sinitambirivoutin, M., Nosil, P., Flaxman, S., Jeffrey
Feder, J., Gompert, Z., V. Dakos. 2021. Early-warning signals of
impending speciation. in review.
Master Thesis, M1 Sinitambirivoutin, M. Early warnings signs of
speciation. Ecole Polytechnique, Paris, 2020.

Starting point was the theoretical observation that linkage disequilibrium
(LD) can promote abrupt (i.e., sudden in time) rather than gradual speci-
ation events [Flaxman et al. 2014, Nosil et al. 2017]. LD refers to statistical
associations between genetic regions, which is often facilitated by, but is not
synonymous with, physical linkage of genetic regions on the same chromosome.
Specifically, LD corresponds to non-random associations between alleles at dif-
ferent loci [Hill & Robertson 1968]. LD can thus allow strongly favoured alle-
les to increase the frequency of other associated alleles. Due to this property,
LD participates in a positive feedback loop with divergent selection (i.e., each
amplifies the other) that can trigger accelerated change. This process prevents
alleles affected by divergent selection from being lost by gene flow and drift,
and instead it increases differentiation [Dent et al. 2003, Flaxman et al. 2014]
sometimes even generating non-linear changes over time, such as abrupt spe-
ciation events (Fig 3.9).

Given that abrupt speciation can be driven by a positive feedback loop
analogous to the ones described in Chapter 1, we asked if abrupt speciation
is also forewarned by the same early warning signals (EWS) I described in
Chapter 2. Setting aside the details of the analysis that was based on output
from a theoretical model of genetic evolution that generates gradual or abrupt
speciation events over time [Flaxman et al. 2014], we measured changes in
autocorrelation and variance up to the speciation events on six metrics that
are were derived from state variables that are changing during the simulations
(Fig 3.10).

When we compared EWS trends between abrupt and gradual datasets, we
found qualitatively similar trends between the two speciation types, but with
quantitative differences in their strength and significance (Fig 3.11). Three
indicators were particularly different between abrupt and gradual datasets
and consistent with our expectations of rising trends: autocorrelation of FST
(Area Under Curve (AUC) of 0.75), and standard deviation of the effective
migration rate (AUC of 0.81) and to a lesser extent autocorrelation of the
effective migration rate (AUC of 0.69). These results suggest that an increas-
ing trend in FST autocorrelation was indicative of an abrupt rather than a
gradual speciation event, whereas a decreasing trend in the standard devia-
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Generation where
speciation occurs

Figure 3.9: Examples of an abrupt and a gradual speciation event Gradual
speciation is characterized by a smooth decrease in me, the effective migration rate.
(B) Abrupt speciation is characterized by a nonlinear drop in me at the time of spe-
ciation (grey dotted vertical lines). The figure was obtained from the BU2S model
[Flaxman et al. 2014], simulating the genetic evolution of two same species popula-
tions in two different environments experiencing divergent selection with migration.
The effective migration rate me represents the fraction that immigrants contributed
to reproduction in a given generation. As the two populations diverge, the residents
become more adapted to their environment, and the immigrants relatively more
unfit, leading to decreasing me.

tion of effective migration rate was indicative of gradual rather than abrupt
speciation. Interestingly, positive trends in standard deviation of mean fitness
and FST were significantly higher for gradual rather than abrupt speciation
(AUC 0.21 and 0.23 respectively, Fig 3.11 B, D).
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Figure 3.10: see next page
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Figure 3.10: Metric dynamics before speciation events Left panels show abrupt
datasets and right panels gradual datasets. Dotted vertical lines indicate the speci-
ation event. We measured trends in variance and autocorrelation prior to speciation
as an early-warning signal. me: Effective migration rate is the proportion of im-
migrants from the most recent migration step that produced offspring. Nbselloci:
Number of variable selected loci represent the loci that contribute to fitness and
adaptive divergence (as opposed to variable neutral loci, which do not affect fit-
ness). LD: Linkage disequilibrium. FST : Mean fixation index is a metric of relative
differentiation between populations. Dabs is a metric of absolute divergence.

Without going too much into detail, our colletive findings highlighted het-
erogeneous results between the analyzed metrics, but also two indicators that
are potential candidates for signals specific to abrupt speciation, namely rising
autocorrelation of FST and standard deviation of the effective migration rate.
We propose that, given our current understanding, these are the most reliable
and promising EWS of abrupt speciation. More importantly, these results set
a clear avenue for further investigation especially if we want to test them em-
pirically as the increasing availability of genetic data from spatially distributed
populations could facilitate comparisons based on a space-for-time approach.
Under such a context, diverging populations might be identified that are on
the verge of an abrupt (or gradual) speciation event. How realistic that can
be remains an open question.
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Figure 3.11: Comparing EWS between abrupt and gradual datasets Kendall
τ correlations for different detrending and rolling window values for (A,B) Autocor-
relation and (C,D) Standard deviation. (Left panels) Kendall τ distributions for
gradual and neutral datasets. Distributions skewed towards positive values indicate
EWS. (Right panels) ROC (Receiver Operating Characteristic) curves used to calcu-
late AUC values (Area Under Curve) to compare abrupt and gradual distributions.
AUC values close to 1 indicate that the trend (Kendall τ) measured in the gradual
datasets is significantly higher than the trend measured in the gradual dataset. An
AUC close to 0 indicates the opposite. An AUC value close to 0.5 indicates that
the trends measured in the two distributions are similar. Eff. mig rate: effective
migration rate, Nb sel loci: number of variable selected loci.

3.8 Conclusions

Reciprocal interactions between ecological and evolutionary dynamics is an
old idea (e.g. [Levins 1968, Pimentel 1968]) that is increasingly being tested
across a range of systems and study questions (e.g. [Fussmann et al. 2007,
Hendry 2017]). In this chapter, I described the potential implications that
heritable trait changes can have for ecological tipping points. Clearly, not all
possibilities -other than the ones presented here- for the collapse and recovery
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paths of ecosystems under rapid evolution have been yet studied. All will de-
pend on the mechanisms of phenotypic change that would result either from
evolution, or from phenotypic plasticity (that we have not yet explored), or
from their combined effect, including even the evolution of phenotypic plas-
ticity. The next step is not only to explore the full breadth and generality
of the results I presented, but also to understand how reciprocal feedbacks
between ecological tipping points and evolutionary dynamics might alter not
only single populations but communities. Sofar, we have ignored the poten-
tial for coevolution. For example in our shallow lake ecosystem, evolution
of macrophytes to nutrient loading can occur alongside the evolution of the
competing algae. How the co-evolution of the two will shape our expectations
of collapse and recovery responses is completely unexplored.

At the same time, accounting for trait changes creates new challenges but
also opportunities in the detection of tipping points. On one hand, although
slowing down indicators should be expected - at least based on ecological dy-
namics - at the edge of tipping points [Ferriere & Legendre 2013], it is unclear
whether trait changes would either weaken or nullify these signals. On the
other hand, changes in traits themselves could be used as proxies for upcoming
transitions [Clements & Ozgul 2018]. Early studies on fishing-induced evolu-
tionary changes suggested that variation in maturation schedules of cod could
have been used to detect its collapse [Olsen et al. 2004], or that shifts in the
mean age-at-maturation of overfished populations could be indicator of their
loss of stability (in terms of population variability) [Anderson et al. 2008].
Recent work demonstrates how indicators based on both abundance and trait
dynamics could complement each other to improve tipping point detection
[Spanbauer et al. 2016, Clements & Ozgul 2018]. Future work would need to
assess whether changes in response and effect traits could be used as signals of
impending transitions. Changes in traits like growth forms (density of leaves,
length of stems) of macrophytes could be used as proxies of shading tolerance
to indicate loss of resilience in shallow lakes. Alternatively, changes in the
defense traits of vegetation to herbivores could be signals of vulnerability to
overexploitation in dryland landscapes. Overall, the goal is to understand
what pattern of trait changes to expect depending on the type of mechanism
and stress involved.

Theoretically, this has been definitely a fruitful and interesting exer-
cise. The biggest challenge though is to empirically test these ideas by
manipulating evolutionary and ecological components of a system to see
how the dynamics of trait change can affect tipping points. Several exper-
iments have been designed to study the interplay between ecological and evo-
lutionary dynamics [Becks et al. 2010, Farkas et al. 2013, Pantel et al. 2015,
Williams et al. 2016], and these could be usefully co-opted to experimentally
test predictions from tipping point theory. A key challenge in these experi-
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ments will be to identify and be able to measure the variation of the relevant
traits.

For example, in a study of a tipping point induced in the labora-
tory with freshwater cyanobacteria that I participated during my PhD
[Faassen et al. 2015] (see also Sec. 1.5, light level was manipulated to test for
hysteresis associated with transitions between a high and low biomass state.
Contrary to predictions from an ecological (but not eco-evolutionary!) model,
the population recovered to a higher light stress faster than expected. In the
experiment, the recovering cells had lower pigment concentrations, possibly
reflecting adaptation to high irradiance conditions at a cost of photosynthetic
efficiency at lower light irradiance. This suggests that the presence of trait
variation (i.e. pigment production) in the population influenced the nature of
the transition between the two states. A useful experimental test of this idea
would be to manipulate standing levels of genetic variation in the stressed
population and measure if tipping points change. Together with Anita
Narwani and Joyce we spent some time designing lab experiments in Eawag
(Switzerland) to test this. Although it has been logistically challenging to
set up some initial experiments, such evolutionary contrasts to ecological
experiments would be a fruitful way to test how both trait variation and
evolution may affect tipping points. Unfortunately, failing to acquire funding
through the ANR-JCJC and ANR-PRCI calls prevented from continuing this
work. Yet, I am enthousiastic we are to gain deeper theoretically insight
at least for some of the above questions through the PhD work of Sirine
Boucenna funded by IMPT (Institut des Mathématiques pour la Planète
Terre) and in collaboration with Gael Raoul from the Ecole Polytechnique.

Funding (2021-2024) Institut des mathématiques pour la Planéte Terre
(IMPT) - Climate change, Environmental challenges and Mathematics.
Topic “An eco-evolutionary framework for studying resilience and tip-
ping points in ecosystems under stress”, 1 PhD.
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4.1 Context

Chapter 4 highlights case-studies that go beyond the strict context of tipping
points and alternative states. Based on a combination of methods for de-
tecting abrupt shifts and measuring resilience, as presented in Ch. 2, I show
here how we can broad our scope in understanding and assessing changes
and responses to stress in a variety of ecological systems. For this reason,
this chapter is structured somewhat differently than the previous ones. Each
section corresponds to a different case-study and ecological system, so that
the methods applied in different contexts demonstrate what I call a "broader
approach for assessing ecological changes". For reasons of brevity, I will only
highlight the methods and focus on the main results, and invite the reader for
the details to the corresponding papers.
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4.2 Classifying trends in ecological trajectories

Throughout the previous pages I have been focusing on tipping points that
are (but not always) related to abrupt shifts, step changes in the dynamics of
a system. However, ecological responses are predominantly smoother (Ch. 1
Fig. 1.1) and the question that is mostly asked concerns the trends (the long-
term change in the mean) rather than the shapes of ecological trajectories.

In the first chapter of Stan Rigal’s thesis- co-supervised with Vincent
Devictor at Montpellier University-, Stan developed a framework to classify
population trajectories (or any indicator trajectory) according to their
direction (trend) as well as to their overall shape.

Publication [Rigal et al. 2020]: Rigal S., V. Devictor, V. Dakos.
2020). A method for classifying and comparing non-linear trajectories
of ecological variables. Ecological Indicators 112: 106113.

The starting point of this work is the fact that trends are usually used
as summary of a trajectory, measured after fitting a linear model that
estimates the average rate of change of a variable over a given period
[Link & Sauer 1997]. But the trend is not synonymous to the "trajectory"
of a variable. Instead, a trajectory is more than its trend as it is defined by
the pattern of fluctuation itself. When estimating a trend, one only synthesises
the overall change in terms of direction (the sign of the trend), and steepness
(the magnitude of the trend). When studying a trajectory, the purpose is
to find the most accurate description of changes over time in terms of direc-
tion, velocity, curvature, or even the timing of such changes [Rigal et al. 2020].
Surprisingly, however, trends and trajectories are not always separated in the
study of ecological indicators [Inger et al. 2015].

But although there is a plethora (e.g. [Thomas 1996, Dornelas et al. 2013])
of other than linear methods to describe population trajectories
(e.g. generalised linear models with polynomial regression spline
[Cunningham & Olsen 2009] or generalised additive models (GAM)
[Fewster et al. 2000], they can be irrelevant for assessing the status of a
population trajectory and difficult to use for comparing between different
species [Rigal et al. 2020]. The reason is that in such models, the type of
function used and the degree of freedom allocated to the corresponding
statistical models are often not a priori constrained by the user but rather
adjusted to the data, increasing the risk of overfitting and hindering the
comparison between different datasets [Rigal et al. 2020].

Therefore, Stan proposed a framework to classify population trajectories
according to their direction (downward, upward, stable) as well as to their
overall shape (accelerating, decelerating, reversal), tested it on simulated pop-
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Figure 4.1: Classification steps (A) and classes (B). Once the second order
polynomial Y = α0 + α1X + α2X2 is fitted (step 1), the significance of α2 is
evaluated (step 2a) to distinguish between linear (B. 4, 5 and 6) and non-linear (1,
2, 3, 7, 8 and 9) trajectories. For linear cases, assessing direction and velocity is
straightforward using the coefficient of the slope α1. For non-linear dynamics (step
2b), concave and convex cases (B. 2 and 8) can be discriminated by a change in
the sign of the tangent around Xm . Remaining classes (1, 3, 7 and 9) require
the calculation of the curvature derivative at Xm as a proxy of the acceleration
as well as the computation of the tangent value at Xm for velocity estimation.
B) Class numbering refers to the following types: accelerated decline (1), concave
(2), accelerated increase (3), constant decline (4), stable (5), constant increase(6),
decelerated decline (7), convex (8), and decelerated increase (9).

ulation trajectories and applied it to population dynamics of the 108 most
common bird species monitored by the French Breeding Bird Survey (FBBS)
from 1989 to 2017 [Jiguet et al. 2007] to illustrate how our method can be
used to describe the conservation status of these populations.

We use the properties of a second order polynomial function to describe
the overall shape of any trajectory. If Y is a quantitative discrete or contin-
uous variable (e.g. population abundance or any ecological indicator) and X
a quantitative continuous variable representing time (year, month or days),
step 1 is to fit a second order polynomial between Y and X (as described in
Fig. 4.1), as a second order polynomial can discriminate between a stationary
process (if α1 and α2 are not significant), a monotonous process (if only α1
is significant), and an accelerated process (if α2 is significant).

In step 2, we characterise the fitted polynomial function with simple
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indices: the direction, the acceleration, and the velocity of the trajectory
(Fig. 4.1). The direction of the trajectory is defined as being either down-
ward, stable, or upward. The acceleration refers to the convexity or concavity
of the trajectory and corresponds to an accelerating, constant, or decelerating
phase when the direction is either downward or upward, or refers to a convex
or concave phase when there is no direction. The velocity represents the rate
of change of a given trajectory and it can be compared between two curves
only if they belong to the same type of trajectories [Rigal et al. 2020]. Based
on this framework we can classify any time series into one of nine types: accel-
erated decline, constant decline, decelerating decline, concave, stable, convex,
decelerated increase, constant increase, and accelerated increase (Fig. 4.1B).

We applied the classification method on bird population trajectories
recorded in France from 1989 to 2017 [Rigal et al. 2020]. We found that among
the 108 species trajectories, 80 were linear while for the other 28 (i.e. 26%
of the 108 trajectories) a second order polynomial was better than the linear
fit. 26 species trajectories were classified as increase of which three were de-
celerated and 23 constant (Fig. 4.2F, I). 29 species trajectories were classified
as decline of which four were decelerated, 24 constant and one accelerated
(Fig. 4.2A, D, G). 53 species trajectories were neither classified as decline nor
as increase, of which four were convex, 33 remained stable and 16 had concave
dynamics (Fig. 4.2B, E, H).

The application to the empirical population trajectories shows that study-
ing linear trends would have masked significant nonlinear dynamics for more
than 40% of the studied species. A linear approach would not distinguish be-
tween species with flat trajectories and those with convex or concave dynam-
ics, when compared to fitting a second order polynomial function. Moreover,
decreasing or increasing trends would only have been differentiated quantita-
tively using velocity whatever their individual shapes were [Rigal et al. 2020].
Although in cases where a full description of a trajectory is necessary or trajec-
tories are highly nonlinear, other methods should be preferred, the approach
we developed is enough simple to meaningfully classify trajectories in a com-
parable way among different types of ecological data [Rigal et al. 2020]. As an
example, in the next section, I describe how we combined this framework with
other nonlinear methods to characterise vegetation dynamics in drylands.
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Figure 4.2: Classification of the 108 bird species trajectories (standardised
abundances) from 1989 to 2017 into the nine possible linear (D, E, F)
and non-linear (A, B, C, G, H, I) classes. A) 1 accelerated declines, B) 4
convex trajectories, C) 0 accelerated increase, D) 24 constant declines, E) 33 stable
trajectories, F) 23 constant increases, G) 4 decelerated declines, H) 16 concave
trajectories, I) 3 decelerated increases. Scaled yearly indices of abundance with
sampling error (grey intervals) are shown for one species of each class. Second order
polynomials are shown by a bold line and standard deviations by dashed lines.

4.3 Dynamics of productivity responses at global scales

Defining trends and assessing responses to global drivers is one of the most
pressing question in the understanding of ecosystems at the global scale. The
availability of remote-sensing data allows for such macro-ecological studies
where we can analyse ecological data and compare them to the related cli-
matic, environmental and even socio-economic data that are also monitored
and made available at similar global scales. With two postdocs in Switzer-
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land (Miguel Berdugo at ETHZ and Luis Gilarranz at Eawag), we asked such
questions for two different iconic ecosystems in the study of tipping points:
drylands and lakes.

Manuscript: Berdugo M., J. J. Gaitán, M. Delgado-Baquerizo, T.
W. Crowther, V. Dakos. Abrupt shifts govern ecosystem productivity
dynamics in global drylands. (in revision).

Manuscript: Gilarranz L. J., A. Narwani, D. Odermatt, R. Siber, V.
Dakos. Regime Shifts, Trends, And Variability Of Lake Productivity
At A Global Scale. (in revision).

4.3.1 Abrupt shifts in productivity dynamics of global drylands

In drylands, regime shifts have been predominantly studied theoretically
[Filatova et al. 2016], while their occurrence in empirical timeseries of dryland
vegetation is still poorly documented at global scales. As I presented in the
previous section (Sec. 4.2), examining the shape (instead of just the trend) of a
trajectory provides more information and can be used to identify even regime
shifts in dryland productivity through time [Ratajczak et al. 2018]. Yet, lit-
tle has been done in understanding abrupt changes in vegetation regimes
[Bernardino et al. 2020]. Thus, with Miguel Berdugo1 we first asked what
is the frequency of regime shifts relative to gradual vegetation changes that
are customarily studied.

Secondly, we also asked which environmental factors determine the oc-
currence of dryland regime shifts (e.g., climate, soil characteristics, or hu-
man activities). Understanding the mechanisms for the emergence of regime
shifts is key for developing prevention efforts against dryland abrupt deser-
tification. Previous empirical studies have suggested that dryland produc-
tivity should respond abruptly more often in places where aridity is close to
a specific threshold ( 0.8) [Berdugo et al. 2020], where soils are less fertile
[Turnbull et al. 2010], or where human activities such as grazing are intense
[Bestelmeyer et al. 2015]. Yet, despite the strong conceptual basis for such
expectations, the drivers of abrupt shifts in drylands have never been inves-
tigated using temporal series of vegetation productivity at global scales, and
remain largely undetermined.

To answer the above questions, we analyzed temporal dynamics in ecosys-
tem productivity for more than 40,000 natural dryland ecosystems worldwide,
aiming to determine whether abrupt changes are common in drylands, and
identify which environmental factors explain the incidence of abrupt temporal

1The intention was for Miguel to work on this question as a postdoc in Montpellier, but unfor-
tunately we never managed to obtain a Marie Curie fellowship.
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dynamics in plant productivity. Specifically, we compiled a 20-year satellite-
derived temporal assessment of ecosystem productivity using the Normalized
Difference Vegetation Index (NDVI) and the MODIS satellite (500m resolu-
tion). NDVI is a surrogate of ecosystem productivity, and has been used
to determine ecosystem degradation and desertification [Burrell et al. 2020].
Using this information, we first classified temporal trajectories of ecosystem
productivity in three classes attending to their overall trend (neutral, posi-
tive, and negative). Neutral dynamics represent average lack of changes in
plant productivity over time, and can include cancelling positive and neg-
ative changes in plant productivity. We then quantified the percentage of
ecosystems following linear, curvilinear (following [Rigal et al. 2020], see also
Sec. 4.2) or abrupt patterns within positive and negative trends. As a second
step, we investigated the associations between abrupt positive and negative
changes in ecosystem dynamics with multiple environmental factors including
historical climatic conditions (e.g., aridity, precipitation variability), climate
change (e.g., trends in precipitation, number of drought years), environmen-
tal characteristics (e.g. soil properties, topography), and human impact (e.g.,
human footprint, ruminants density).

Our analyses revealed that half of all ecosystems in global drylands have
been subject to striking, and rapid (positive and negative) changes in plant
productivity over the last 20 years (44% of all studied ecosystems, Fig. 4.3).
The rest of studied ecosystems supported neutral trajectories in plant produc-
tivity over time, suggesting that many ecosystems in drylands have maintained
an overall constant supply of plant productivity over the last two decades.
Lack of changes in temporal productivity in global drylands are probably
associated with the typically reported slow responses of dryland vegetation
to local climatic temporal fluctuations. The prevalence of neutral, positive
or negative dynamics was associated with the trend in water availability ob-
served for each ecosystem during the study period, although higher abundance
of positive rather than negative changes probably is also indicating a positive
CO2 fertilization effect of climate change [Lu et al. 2016].

To understand what drives abrupt shifts in temporal dynamics, we used
a machine learning Random Forest algorithm to identify which climatic, soil,
human, and topographic factors were associated with reported abrupt positive
and negative shapes in ecosystem productivity. Some of these environmen-
tal factors are associated with both positive and negative abrupt changes.
We show, for instance, that precipitation interannual variability increased the
probability of abrupt shifts both for negative and positive classes (Fig. 4.4A).
Rainfall seasonality and temperature seasonality were also important predic-
tors of positive and negative abrupt changes, but their effects were opposite
for negative vs positive changes. Ecosystems with greater seasonality were
associated with negative abrupt shifts, while the opposite pattern was found
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for positive abrupt shifts (Fig. 4.4B and C). On the contrary, ecosystems with
more stable climates (less seasonality) supported abrupt positive increases in
ecosystem productivity, suggesting that these ecosystems are more efficient in
capitalizing rainfall increases [Guttal & Jayaprakash 2007].

We also found environmental factors which are particularly associated with
either positive or negative abrupt changes in ecosystem productivity. Regard-

Figure 4.3: Abrupt changes in ecosystem productivity dynamics govern
global drylands. Classified annual trajectories of Normalized Difference Vegeta-
tion Index (NDVI) based on their trend and shape estimated for 41,830 dryland
sites across the globe monitored between 2000-2019. Centered pie plot presents the
percentage of neutral (yellow), positive (blue), and negative (red) NDVI trajectory
trends. The ring around the pie plot indicates the percentage of linear, quadratic
(curvilinear), and abrupt trajectory shapes for each trajectory trend. Maps around
the pie plot indicate the location of each classified trajectory based on its trend and
shape: A: abrupt positive, B: abrupt negative, C: quadratic positive, D: quadratic
negative, E: linear positive, F: linear negative, G: quadratic neutral and H: linear
neutral. Panels at the bottom left of each map show an example time series of
each classified trajectory shape (y axis: standardized NDVI units, x axis: years,
2000-2019, dashed line indicates type of fitted trajectory)
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Figure 4.4: Effects of environmental drivers are different depending on the
trend of productivity analyzed. Effects of seven factors for negative (red) and
positive (blue) abrupt changes. The effect is expressed in SHAP values, which mea-
sure the impact of each factor on the model output (probability of abrupt change).
SHAP values are derived for a given factor value in a process analogous to partial
dependence plots. CV: coefficient of variation, SD: standard deviation. The model
fitted is a random forest algorithm confronting abruptness (1 if abrupt, 0 otherwise)
with 21 uncorrelated environmental factors summarizing climatic, soil, topographi-
cal and human-related drivers. Total number of instances used to train/validate the
model is 1955/839 for negative abrupt changes and 9135/3915 for positive abrupt
changes.

ing aridity, we identified a very contrasting behavior in positive vs. negative
abrupt changes. The probability of experiencing negative abrupt shifts de-
clined above an aridity level 0.8 – the transition between semiarid and arid
ecosystems–, whereas the probability of a positive abrupt shift increased above
the same value (Fig. 4.4D). This means that this aridity value is separat-
ing contrastingly different dynamical zones. In sites with aridity lower than
0.8, ecosystems suffering droughts or sustained losses of water incomes (that
is exhibiting negative trends in productivity) are more prone to experience
abrupt negative loss in productivity, whereas in sites with higher than 0.8
aridity values, ecosystems experiencing wetting trends (that is positive trends
in productivity) are prone to exhibit abrupt recovery in productivity. This
result is consistent with the existence of a marked aridity threshold at values
0.8 affecting vegetation development as evidenced in previous studies using
spatial gradients [Berdugo et al. 2020].
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We also found environmental factors specifically explaining positive abrupt
changes in ecosystem productivity. For example, when mean temperature of
the driest quarter was below 0 (freezing conditions), the probability of abrupt
positive changes decreased, whereas it increased when the mean tempera-
ture was above 0 (warm conditions) (Fig. 4.4F). Also worth mentioning is
the higher importance of human-related factors (human footprint and graz-
ing density) in positive than negative abrupt changes, with lower probability
of abrupt positive shifts when these two factors were above a certain level
(Fig. 4.4E and G). This result has important consequences as it corroborates
that human pressure may impede rapid recovery of productivity in drylands
as it is often hypothesized in desertification studies [Bestelmeyer et al. 2015]
and it can be used as a management guide for the limits of human pressure
under which restoration of productivity will be most successful.

Overall, our results show that half of dryland ecosystems are in a dynamic
transition toward positive or negative shifts in ecosystem productivity over
the last two decades, rather than gradual dynamics. The other half is char-
acterised by rather constant dynamics. Climatic variability and seasonality
are the most consistent environmental factors explaining abrupt changes in
ecosystem productivity, while the high incidence of abrupt positive changes
found in low seasonality drylands suggest that restoration efforts could be
particularly efficient to enhance plant productivity when climate variability is
weak. Such context-dependency is essential to anticipate responses to degra-
dation processes and facilitate restoration efforts when managing productivity
in drylands.

4.3.2 Regime shifts and trends in lake productivity globally

We did a similar analysis with Luis Gilarranz this time looking at lake produc-
tivity at the global scale. As I explained in Ch. 1 Sec. 1.4, (shallow) lakes are
the iconic ecosystem where tiping points are to be expected and regime shifts
have been well-documented in a number of them [Gsell et al. 2016], although
recent meta-analyses suggest that regime shifts in lake ecosystems may be not
as frequent as expected [Spears et al. 2017, Hillebrand et al. 2020]. Still, the
prevalence of regime shifts in lakes at a global scale remains unknown. More
in general, with human water security, aquatic food security and freshwater
biodiversity at stake [Vörösmarty et al. 2010], we ignore how the dynamics of
lake productivity around the globe are changing. Hence, in this study, we
characterized regime shifts in productivity dynamics in lakes worldwide in or-
der to quantify their prevalence. We also quantified variability and trend in
variability of lake productivity over time as metrics of lake stability. Finally,
we tested how these characteristics of lake productivity dynamics are related
to global change drivers, such as climate change, human population density,
and economic activity.
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As proxy of lake productivity we used the Trophic State Index (TSI) that is
based on phytoplankton abundance [Carlson 1977] derived from multi-spectral
satellite images of the MERIS sensor. We were able to retrieve this index
for 1,015 lakes worldwide for the period from 2002 to 2012 at 300m spatial
resolution [Politi et al. 2016]. We investigated how TSI dynamics are changing
over time, both in terms of temporal trends in the mean and variability of
TSI through the study period, as well as in terms of the occurrence of regime
shifts. Moreover, we obtain environmental and socioeconomic covariates in
order to understand how climate [O’Reilly et al. 2015], human activity in the
catchments, and lake geological and geographical characteristics affect global
trends in lake’s stability, as well as the occurrence of regime shifts.
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We found 106 lakes with regime shifts (defined as explained in Fig. 4.5A,
B), which represented 10.4% of the 1015 studied lakes (Fig. 4.5C). Lakes that
shifted from low to high TSI were slightly more numerous than lakes that
shifted from high to low TSI (57 vs 49). We found no particular pattern in
the geographical distribution of the ’candidate’ regime shifts within our lake
dataset(Fig. 4.5C), neither a relationship to mean TSI or to variability in TSI
(Fig. 4.5D, E). By controlling for a number of climatic, socioeconomic, and
geophysical variables, we found that only population density in the catchment
was significantly related to the probability of a lake experiencing a ’candidate’
regime shift (GLM binomial effect = 0.119; p-value = 0.0036).

Variance in TSI over the entire study period provided a measure of lake’s
average stability (Fig. 4.5E), while trend in variance provided a measure of
stability change (Fig. 4.5G). We found that TSI variability was predominantly
low, it followed an exponential distribution (µ = 20.2), with most lakes be-
ing rather stable (i.e. having low variance (Fig. 4.5E)). However, in 29.2%
of the lakes TSI variability significantly changed over the observation period
(Fig. 4.5G), implying a change in the stability of these lakes. Interestingly,
we found equal cases among lakes where TSI variability significantly increased
(49% less stable) and decreased (51% more stable). Both TSI variance and
trend in TSI variance were non-significantly correlated with lake mean TSI
nor with trends in mean TSI (Fig. 4.5F) implying that simply looking at
trends of mean TSI does not explain changes in the stability of lake produc-
tivity. To explain the observed patterns of variance TSI, as well as the trend
in TSI variance, we used climatic, geophysical, and socioeconomic features as
explanatory variables in a set of structural equations models. We observed
that lake mean productivity was positively affected by temperature and the
gross domestic product (GDP) in the catchment, but negatively affected by
average precipitation, lake depth and catchment area. Second, we found that
variance in lake TSI was positively driven by average GDP, which supports
the assumption that human economic activity is detrimental for lake stability.
Finally, we found that the trend in TSI variance depended positively on pre-
cipitation trends, but negatively on temperature trends, which implies that
lakes that are warming are becoming more stable on average, whereas lakes
that are receiving more precipitation over time are becoming less stable.

Overall, although our results suggest an overall stable picture for global
lake dynamics, the limited signatures of instability we found do not mean that
lakes are insensitive to global change [Adrian et al. 2009]. At the same time,
these results should be interpreted with caution as the 10 year long period that
remote-sensed data are available for lake productivity are just on the limit to
allow us to apply the methods I presented in Ch. 2. Still, such analysis builds
the way to a monitoring and mapping system that could be setup as more
data will start to become available (see more on this in the Research Project
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of Part II Ch. 5).

4.4 Detecting dying bee-hives

As I discussed in Ch. 2 Sec. 2.6, the best examples of monitoring resilience
changes come from laboratory experiments under a control environment and
microbial organisms. With Tanya Latty at the University of Sydney, we pro-
posed to test that in a social-insect system of high importance and amazing
complexity: a honey-bee colony. Positive feedbacks at different scales of polli-
nation systems have been described and they could give rise to tipping points
[Latty & Dakos 2019] (see also Ch. 1 Sec. 1.5). Below, I shortly present what
we have found from a series of experiments and analysis of existing data led
by Theo Colin, the postdoctoral researcher hired on the project.

Manuscripts: Colin T., V. Dakos, E. Altmann, A. Barron, W.
Meikle, M. Myerscough, T. Latty. Temperature as a simple early indi-
cator of honey-bee colony death. (submitted).

Grant: Latty T (PI), Dakos V (partner). A complex systems approach
to preventing colony failure in honey bees. ARC Discovery International
Award (40k AUS$)

The main motivation behind this project lies on the fact that the health
of honeybee colonies is decreasing worldwide due to a combined stress from
invasive parasites, loss of floral resources and increased pesticide toxicity
[Goulson et al. 2015]. Reports show that the rate of bee colonies dying
each year in Europe and North America has risen from around 10% to 30%
[Stalidzans et al. 2017].

When detected on time, dying colonies may be rescued using a wide
range of beekeeping techniques. Detecting which individual colonies are at
risk of dying is however labour-intensive and signs of failures may be sub-
tle [De Graaf et al. 2006]. Bee colony failure is a rapid process: an appar-
ently healthy and well-functioning bee colony typically declines within days
or weeks, which has caused several authors to label it as a “collapse”. Different
mechanisms have been proposed to explain how bee populations can fail so
rapidly. Models suggest that positive feedback loops which normally help a
colony to maintain homeostasis may deplete the reserves and resources of bee
colonies under sustained stress [Perry et al. 2015].

But how could we track the health of a honey-bee colony? It is hard to
measure density as it requires intrusive techniques (like opening up a hive) and
there are few models that intend to connect colony weight to densities (but
that is also not straighforward and logistically challenging). Instead, a com-
mon, non-intrusive and relatively easy way of monitoring honey-bee colonies
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is temperature. Surprisingly little research has investigated whether temper-
ature in the brood nest can be used to determine the health of bee colonies,
perhaps due to the nascent nature of the field [Meikle & Holst 2015]. As tem-
perature reflects hive functioning (bees tend to keep a constant temperature in
the nest almost as precise as a thermostat), we tested if we could use patterns
in temperature dynamics to derive warning signals of colony death.

Figure 4.6: Daily hive temperature parameters for the California dataset.
Bee colonies were either considered Alive, Dead, or had abnormally low brood levels
at the end of the experiment. Daily autocorrelations, standard deviations, averages,
minimums and maximums suggest differences between alive, dead and low brood
bee colonies that increase during winter. Black lines show the daily data, blue lines
generalised additive models.

We used temperature measurements from the centre of 97 bee colonies
from three experiments at two locations. Measurements were taken every
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Figure 4.7: Detection of failing hives with a threshold of 1.7 and >3 con-
secutive warnings (false-positive conservative) as an example of potential
software application. Top panel shows the z-Scores for the daily average temper-
ature, with colonies shown in red when they cross the threshold (thin black line)
for over three consecutive days, or green otherwise. Bottom panel shows the same
classification applied to the daily temperature average curves.

15min using sensors over several months. Part of the hives from two of these
experiments were located in Sydney, Australia, and received an experimental
treatment (pesticide or control, food stores removal or control) to reproduce
environmental stress, while in the third experiments hives were located in
California, USA and not subject to any treatments but were dispatched in
different crops and were managed by a beekeeper. Without going into details,
overall we had hives that did not "collapse", which we name Alive and hives
that did "collapse", which we name Dead. In addition, empty hives were
considered as control.
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For each bee colony we calculated autocorrelation and standard deviation
(as I presented in Ch. 2 Sec. 2.5) as well as three metrics relevant to the
biology of the honeybee, the minimum temperature, maximum temperature
and average temperature (Fig. 4.6). These variables were calculated over each
full day, with 96 temperature measurements per colony per day. Obviously, the
dead colonies show a lack of homeostasis (Fig. 4.6) middle panels) compared
to the average temperature of the alive ones (Fig. 4.6 left panels). Yet, taken
all together standard deviation and autocorrelation appear to be higher in
the dead vs the alive colonies (Fig. 4.6) blue smoothing lines) consistent with
an expected critical slowing down prior to collapse (Sec 2.4). We attempted
to determine if indeed these measures were different between Alive and Dead
bee colonies. We did this by comparing the values of these parameters for
each single hive compared to the rest of the hives in the same experiment
(regardless of their observed survival status) to obtain the deviation from
past observations for each individual hive quantified by a z-score (Fig. 4.7).
Fig. 4.7 shows that we got z-scores over 1.7 the standard deviation more often
in the dead than in the alive hives and more importantly, for some hives, the
deviation was observed much earlier than the colony death. We found similar
patterns for the rest of the metrics.

This has been an exciting result (much more promising compared to the
similar analysis we did between alive and dead tree based on indicators mea-
sured on tree-ring data [Cailleret et al. 2019] Ch. 2 Sec. 2.7), as it suggests
that wireless temperature sensors located at the centre of the brood nest
can provide early information about colony failure, which may alleviate bee-
keeper’s labour and help rescue bee colonies early to reduce financial losses.
The results and diagnistic we propose could be tested with extended datasets
as companies and commercial beekeepers gather data from hives located in
similar climates. Ultimately, with a large number of hives analysed, a bee-
keeper may be able to compare the temperature regulation performances of
individual bee colonies to other colonies from the same location to detect
"weak" colonies even remotely and be able to intervene in time.

4.5 The dynamics and risk of species interaction losses
in communities

One aspect of ecological organisation that has gained attention in the last
years are species interactions. The modification or even the extinction of
species interactions to global change has early on been identified as being
pervasive, but is still poorly understood [Janzen 1974]. Because there are
many more interactions than species, a perturbation in species interactions
may be decoupled from changes in species richness or community composition
[Gravel et al. 2019]. The structure and dynamics of species interactions are
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among the main drivers of community dynamics, but we still have a limited
understanding of the drivers and consequences of changes in the strength and
the structure of species interactions. The following two studies represent work
conducted by two PhD students on changes of species interactions over time in
bird communities (Stan Rigal, Montpellier University), and the risk of losing
interactions for the persistence of mutualistic communities (Benno Simmons,
Cambridge University).

Publication [Rigal et al. 2022]: Rigal S., V. Devictor, P. Gaüzère,
S. Kéfi, J. T. Forsman, M. H. Kajanus, M. Mönkkönen, V. Dakos.
2022. Biotic Homogenisation in Bird Communities Leads to Large-Scale
Changes in Species Associations. Oikos e08756.

Publication [Simmons et al. 2020]: Simmons, B. I., H. S. Wauchope,
T. Amano, L. V. Dicks, W. J. Sutherland, V. Dakos. 2020. Estimating
the Risk of Species Interaction Loss in Mutualistic Communities. PLoS
Biology 18 (8): 1–20.

4.5.1 Trends and drivers of bird species associations

In the second chapter of Stan Rigal’s PhD thesis (who we co-supervised with
Vincent Devictor), we investigated changes in the structure and strength of
species associations in French bird communities over time. To do so, we
conducted a large-scale spatio-temporal analysis of bird species association
networks.

Birds form a relevant group to estimate ecologically meaningful species as-
sociations. Bird species are widely monitored since decades, allowing to track
association changes in space and time [Rigal et al. 2022]. But interactions
between bird species are difficult to establish. Clearly, there are the obvious
trophic interactions, as well as competition and social information exchanges
that have been frequently shown between birds [Forsman & Thomson 2008,
Magrath et al. 2015]. Yet, the empirical identification and measure of in-
teractions in species-rich communities, in particular, is challenged by the
number of potential interactions to be estimated (proportional to the square
of species number) [Barner et al. 2018]. The alternative approach is to as-
sume that species “associations” (inferred from their spatial aggregation)
are partly shaped, at least to some extent, by the combination of true in-
teractions (ie clear ecological relationships such as competition, predation).
In this case, studying communities with a large number of species and
broad spatial coverage should be a good framework, although the ability of
spatial co-occurrence patterns to infer pairwise species interactions is still
controversial [Blanchet et al. 2020]. Thus, as interaction networks remain
out of reach [Thurman et al. 2019], association networks may be relevant
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to capture community organisation through aggregated community indices
[Rigal et al. 2022].

Hence, what Stan did was, first, to reconstruct species association networks
in communities from co-abundance data. To do so, we first inferred species
associations from the French Breeding Bird Survey co-abundance data cor-
rected for other than species interaction co-abundance processes (Fig. 4.8)
[Rigal et al. 2022]. We then quantified different aspects of the species asso-
ciation networks using three complementary network indices: intensity, at-
tractiveness and clique structure of the network. Intensity corresponds to the
mean association strength. Attractiveness is the ratio of positive/negative
associations, and clique structure describes the structural complexity of the
association network.
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Figure 4.8: Workflow for estimating species association networks. For each
biogeographical region and each habitat (Step 1), an observed association matrix was
obtained by partial correlations (Step 2) (positive correlations in orange, negative
correlations in purple, colour intensity proportional to correlation strength) from
co-abundance data (species D, K, G, U as an example). Random association ma-
trices were calculated using partial correlations on permuted datasets (1000 times)
and were used to calculate standard effect sizes (Step 3) of observed associations as
well as their adjusted p-values to obtain significant SES of the observed association
matrix (Step 4). Steps 1 to 4 were repeated for each year providing annual associa-
tions, which were then averaged over years for each species pair. species associations
were finally added to the spatial co-abundance data to obtain a species association
network for each of the sampling points (Step 5). From [Rigal et al. 2022]
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Second, Stan tested whether biotic homogenisation was linked to direc-
tional changes in association networks [Rigal et al. 2022]. Biotic homogeni-
sation (i.e. the replacement of a diversity of mainly specialist species by
a few generalists, [McKinney & Lockwood 1999] triggered by ongoing global
change [Devictor et al. 2008] is considered as one of the most pervasive as-
pects of the biodiversity crisis [Olden et al. 2004]. At the local scale, we mea-
sured the homogenisation of bird communities as a decrease of β-diversity
[McGill et al. 2015] in space and time. We analysed the relationships be-
tween the spatio-temporal dynamics in bird network indices and the spatio-
temporal dynamics in β-diversity, at a national scale and in the three main
types of habitats, woodland, grassland and human settlements. We also tested
whether and how generalist and specialist species were responsible for changes
in the associations observed.

Figure 4.9: Relationship between β-diversity and network indices calcu-
lated on the most similar species, from all habitats (black dots), from
woodland (green dots), from grassland (yellow dots) and from human
settlements (red dots). First row: spatial relationships between (a) intensity and
β-diversity, (b) attractiveness and β-diversity, (c) clique structure and β-diversity.
Second row: temporal relationship between (d) trends in intensity and trends in β-
diversity, (e) trends in attractiveness and trends in β-diversity, (f) trends in clique
structure and trends in β-diversity. Dots correspond to partial residuals of the re-
gression models regressed over predictors and regression lines (solid lines) with con-
fidence intervals (dashed lines) are shown when significant. From [Rigal et al. 2022]
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What we found were clear relationships between species homogenisation
and changes affecting species associations [Rigal et al. 2022]. In space, in-
tensity was positively related to β-diversity (Fig. 4.9a). Attractiveness was
negatively related to β-diversity (Fig. 4.9b). Clique structure was positively
related to β-diversity (Fig. 4.9c). In time, the temporal trend in intensity was
not significantly related to the temporal trend in β-diversity (Fig. 4.9d). The
temporal trend in attractiveness and the trend in β-diversity were negatively
related (Fig. 4.9e). Trends in clique structure and in β-diversity were not
significantly related (Fig. 4.9f). These temporal results corroborated the rela-
tionships found above for spatial values for attractiveness but not for intensity
or clique structure.

Admittedly, there are difficulties in using species associations as proxies
of species interactions given that species associations are affected by non-
biotic filters while some types of species interactions cannot be inferred
from co-occurrence [Rigal et al. 2022]. Nonetheless, this work provides a
way for exploring the fate of species associations and shows that in addi-
tion to the homogenisation of species composition, homogenised communities
have, in general, weaker, less negative and more simple association networks
[Rigal et al. 2022].

4.5.2 Estimating the risk of species interaction losses

But what would be the impact of losses in species interactions on a commu-
nity? Theory has shown that the reorganisation and changes in the num-
ber and structure of interactions can affect the stability and persistence
of species in food webs (e.g. [Thébault & Fontaine 2010]), as well as mu-
tualistic (e.g. [Saavedra et al. 2016]) and host-parasite communities (e.g.
[Dallas & Cornelius 2015]). Nonetheless, such work has focused almost en-
tirely on the overall structure of interactions within a community (metrics
such as connectance and nestedness) and rarely on individual interactions
themselves. There is thus a gap in assessing community-level responses to
the loss of individual interactions. Specifically, we lack a quantitative under-
standing of the risk that interaction loss poses to the stability and persistence
of communities, which, in turn, may limit our ability to make conservation
decisions. This is exactly the question we tackled with Benno Simmons during
his PhD thesis [Simmons et al. 2020].

Benno quantified the risk of species interaction loss to 41 pollination and
seed dispersal communities that, combined, comprise a global dataset of 4330
species-species links [Simmons et al. 2020]. Conventionally, risk is a function
of both the likelihood of an event occurring and the severity of the impacts if
it did occur [Rausand 2013]. For ecological networks, we therefore started by
reasoning that the risk of losing a particular link is a function of (i) the likeli-
hood of that link being lost (link vulnerability, V), and (ii) the severity of the
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consequences to the community if the link is lost (link importance, I). Using
novel quantitative methods (Fig. 4.10), we explored the relationship between
vulnerability and importance of all links in our dataset. We distinguish be-
tween the terms interaction and link: interaction refers to all occurrences of a
given taxon-taxon interaction identity, while link refers to a single occurrence
of an interaction in a particular network.



112 Chapter 4. Assessing Ecological Change

Risk ~ f(V, I )

Vulnerability (V) Importance (I)

Average degree
of interacting 
species

Generalisation Frequency Structural stability (Ω)

Visitation rate 
between interacting
species

(1 – Generalisation) × (1 – Frequency) ΩWithLink / ΩWithoutLink

Figure 4.10: Vulnerability and Importance of a Link. Top: an illustrative
network depicting interactions between plants and pollinators. A focal link is high-
lighted in black. The generalisation of a link is the average degree of the interacting
species. The frequency of the link is the visitation rate between the interacting
species. Frequency and generalisation are standardised to 0 and 1 and then com-
bined to determine the vulnerability of a link. The structural stability of the network
was measured with the focal link and without the focal link. The ratio of these two
values is the importance of the link. This is represented by the graph on the right of
the figure. The structural stability of a network is defined as the parameter space of
intrinsic growth rates in which all species in a community can have positive abun-
dances. This is represented for the whole community by the dotted outline and for
the whole community without the focal link by the pink shape. In this case, re-
moving the link has reduced the structural stability of the community (reduced the
size of the shape). This means that a perturbation that moves the community from
the initial state (blue circle) to a final state (green circle) will result in extinctions
without the focal link because the community moves outside the pink feasibility
domain. However, no extinctions would occur under the same perturbation in the
original community before the focal link was removed, because the final state of the
community (green circle) is within the original feasibility domain (dotted outline).
Together, vulnerability and importance describe the risk to a community of losing
a particular link. From [Simmons et al. 2020].
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We found that there was a significantly positive correlation between the
vulnerability and importance of links across the 41 networks (Wald test: χ2

= 53.71, df = 1, P = < 0.001) (Fig. 4.11). This correlation indicates that
the more vulnerable a link is, the more likely it is to have a negative impact
on network feasibility if it is lost. Vulnerability is therefore an important
indicator of the extent to which a link supports or hinders a community’s
ability to tolerate environment variation and, thus, species’ long-term per-
sistence [Simmons et al. 2020]. Interestingly, the pattern suggests that links
have a tendency to fall into one of two categories: low vulnerability and low
importance or high vulnerability and high importance.

Figure 4.11: The relationship between vulnerability (the likelihood of a
link being lost) and importance (the contribution of a link to a network’s
structural stability) for all species-species links across 41 mutualistic net-
works. Best-fit line is from a mixed effects model with importance as the response
variable, vulnerability as a fixed effect, and network identity as a random effect.
From [Simmons et al. 2020].

While the causes of these patterns are unclear, from a conservation per-
spective, this result is concerning as it suggests that losing vulnerable in-
teractions reduces the ability of mutualistic networks to absorb future stres-
sors. However, it also suggests that our proposed link vulnerability mea-
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sure enables estimates of how much a link benefits a community (which may
be difficult to measure otherwise) using only simple topological information
[Simmons et al. 2020].

4.6 Conclusions

In this chapter, I presented case studies where I have shown how we can
combine and modify the concepts, theories of tipping points, and methods
to estimate resilience when applied in a variety of questions and ecological
systems. The strict definitions are good to keep in mind that refer to ide-
alised systems. Still, the tools and approaches can reveal aspects that are
based on the fundamentals of dynamical systems and are thus possible to
apply broadly but always interpreted with caution. Among the case stud-
ies presented, I recognise that the remote-sensing data and the big available
datasets- that are growing in their temporal and spatial coverage- are opening
up opportunities for asking questions about both the status and the drivers of
ecological responses by applying tools that few years ago remained only theo-
retical constructions. In Part II, where I present my Research project, I sketch
how we can develop a general framework towards the goal of understanding
ecological responses to global change.
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5.1 Context

In Part I, I highlighted my core lines of research in the field of ecological re-
silience. In this second part, I will present the next natural step in my research.
That is the practical application of the metrics and methods of quantifying
resilience aiming to inform and guide ecosystem management. Chapter 2
and 4 presented examples where we tested resilience metrics, or demonstrated
proof-of-concept experiments for measuring resilience. Even if the potential
impact and importance of such analysis is self-implied, the works I showcased
do not make a clear link to conservation management or decision-making in a
systematic and practical way. We recently argued in a perspective piece1 that

1TM Lenton, JE Buxton, DAI Armstrong, JF Abrams, CA Boulton, K Lees, TWR Powell, N
Boers, AM Cunliffe, V Dakos (in press) A resilience sensing system for the biosphere. Philosophical
Transactions of the Royal Society B: Biological Sciences
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a computational cloud-based resilience sensing system could empower users
seeking to enhance ecological resilience, allowing the user to repeat automated
analyses over time to assess whether management interventions are having an
effect. The research project in this chapter goes beyond this goal. It can be
seen as a "detector" of ecological surprises derived by systematically scanning
data and monitoring resilience based on a machine-learning algorithm. It rep-
resents work that I have recently submitted in various forms to the French
National Research Agency (ANR), and that is part of the work developed by
my PhD student Mathieu Pélissié.

5.2 From (Big) Data to Decision-making in Effective
Ecosystem Management

Preliminary tests in whole lake experiments have shown the potential merit
of using changes in resilience- in the form of Early-Warning Signals as pre-
sented in Ch. 2- based on continuous monitoring and synchronous algorithmic
analysis to inform a management decision [Pace et al. 2016]. In this study,
it was possible to use a rise in variance and autocorrelation from remotely
sensed monitored lake properties (e.g. chlorophyll, dissolved oxygen) as a sig-
nal to invert enrichment (i.e. phosphorus loading) and reverse the occurrence
of an algal bloom during an experimental manipulation. However, such use
and applicability of EWS or resilience indicators in general to infer threshold
responses for actual management decisions is barely explored.

Although ecological research has made great progress in developing elab-
orate tools for the collection and analysis of ecological data, in creating
databases to store datasets, and in devising tools for extracting dispersed in-
formation to facilitate reproducibility in ecological analyses, there have been
less advances in how such highly sophisticated analyses could find their place
in every day ecological management and decision-making. The classical diffi-
culty has been the scarcity of data (e.g. EWS analyses require large amounts
of data). But the current on-going increase in monitoring capacity of environ-
mental data suggests that soon the major bottleneck that will stand between
ecological observations and timely management decisions will not be data
scarcity but rather efficient data management and analytics.

Traditional data management and analytical techniques will not be efficient
for dealing with the imminent data deluge in ecological applications. An ap-
pealing solution for improving the performance of data management and min-
ing tasks is to take advantage of scalable technologies, e.g., NoSQL databases,
cloud computing, parallel data processing frameworks such as Spark. The
future generation of data-driven ecological management needs to bridge the
gap between data acquisition and decision-making in ecological systems, by
taking advantage of the above mentioned technologies that have immensely
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increased our storage and computational abilities. These technologies can
help ecologists to provide scalable storage of ecological data, speed up data
analytics algorithms and optimize decision making tasks.

On the other hand, the one-metric-fits-all approach is not adequate to char-
acterise and inform decision-making. The multidimensionality of stability is
well-known (e.g. [Donohue et al. 2016, Kéfi et al. 2019] and, as the previous
chapters demonstrated, there is a series of approaches and metrics to be taken
into consideration in order to quantify resilience and make reasonable judge-
ments about the state and fate of ecosystems. A generic framework that can
be easily adapted to different systems and types of analyses can contribute to
the design of novel algorithms that can facilitate management and decision-
making in real-time.

At the moment, though, we need to identify major challenges, lim-
itations and opportunities in the design of an integrated environmental
monitoring/decision-making system. They can be grouped into two categories:
algorithmic and computational. In what follows, I propose a framework that
could potentially address the algorithmic challenge and which could be applied
for the management of global fisheries.

5.3 Fisheries as a case study

Reducing poverty and hunger are the two most pressing United Nations Sus-
tainable Development Goals (SDG 1, 2). Fisheries (i.e. the combined
fishing and hunting activity of fish stocks, marine mammals and ma-
rine invertebrates) are critical to global food security with 3.3 billion people
receiving >20% of their animal protein from seafood [FAO 2020]. At the same
time, commercial and small-scale fisheries contribute to the livelihood security
of a large number of people, especially in developing countries where fishing is
their sole source of income [Allison et al. 2009]. Despite improvements in the
sustainability of many fisheries in developed countries [Hilborn et al. 2020],
overfishing remains both common and poorly monitored in most of the world
[Costello et al. 2012]. The fact that 34% of assessed fish stocks are fished at
levels that exceed biological sustainability has led the UN FAO to conclude
that fisheries are in need of significant management action particularly in the
context of climate change in the coming decades [FAO 2020].

Such conclusion becomes more alarming given that overfishing combined
with other factors (e.g. climate change) can also lead to abrupt shifts
in fish stocks: that is unexpected, strong, and persistent stock declines.
Abrupt shifts make stock recovery difficult and slow [Hare & Mantua 2000,
Rothschild & Shannon 2004, Mullon et al. 2005, deYoung et al. 2008]. The
collapse of the Northern cod stock in Canadian waters in the 1990s is a text-
book example of how overfishing and climate can shift a fish stock to a persis-
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tently low productivity regime from which it is hard to recover despite a fishing
moratorium [Pedersen et al. 2017]. It also demonstrates the dramatic cascad-
ing effects such collapses can have both at socio-economic scales (through the
economic collapse of fishing communities once supported by these fisheries)
and at ecosystem scales (by shifting fishing pressure to previously underex-
ploited lobster populations) [Steneck et al. 2011]. Thus, evaluating a fishery’s
risk to an abrupt shift is paramount for the sustainable management of such
complex socio-ecological systems as fisheries.

5.4 Research objectives

Despite our long-standing knowledge that abrupt shifts occur in fish pop-
ulation trajectories [Steele 1996, Mangel & Levin 2005], there is little work
that incorporates abrupt shift dynamics in fisheries assessment methods
[Jiao 2008] or in fishery management. Instead, traditionally the population
models used to manage fisheries generally only allow for smooth, continu-
ous changes [Hilborn & Walters 1992], although abrupt shifts in productiv-
ity trajectories have been found for almost 40% out of 230 studied stocks
[Vert-Pre et al. 2013]. Yet, even if these findings suggest that abrupt shifts in
fish population dynamics are perhaps more common than expected, we lack a
systematic classification of the occurrence of abrupt shifts in fish stock trajec-
tories at global scale, an understanding of the factors that affect such abrupt
shifts, and methods to detect impending abrupt shifts in time to avoid them.

For all the above reasons, fisheries are a suitable and relevant case study to
develop a data-driven algorithmic framework for assessing the risk to abrupt
shifts to be used for decision-making in fishery management. In particular,
I argue that we can achieve this aim through the following three specific
objectives:

1. Classifying fish stock productivity trajectories based on their
dynamical features (trend, type and fluctuation patterns of a
fish stock timeseries);

2. Understanding which life-history, environmental, and fishing-
related factors affect the dynamical features of fish stock pro-
ductivity trajectories;

3. Detecting fish stock productivity trajectories at-risk-to abrupt
shifts based on their dynamical features and the factors that
affect them.
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5.5 What we know and we don’t know about global
fisheries trajectories

Fisheries management typically aims to evaluate the status (ie under-, fully-,
or over- exploited) of a fish stock (ie a population) in order to make informed
decisions about sustainable harvest levels. In particular, stock assessments
are designed to reconstruct the historical population trajectory of a stock and
its exploitation due to fishing in order to provide predictions of the effect
of exploitation on the state of the modelled stock [Planque & Mullon 2020].
However, despite the multitude of methods for evaluating fisheries exploita-
tion status from time series of catch [Anderson et al. 2017], the ability to
accurately predict exploitation status remains poor [Free et al. 2020]. One
possible reason for that is that current fisheries models do not capture the
nonlinear dynamics and possibility for abrupt shifts in fish stock trajectories,
which can lead to the shift of a fish stock to collapse.

Although in marine science, the study of abrupt shifts (commonly called
regime shifts) has a long history [Steele 1998, Steele 2004], abrupt shifts
have been mostly studied at the ecosystem scale (e.g. [Daskalov et al. 2007,
Moellmann & Diekmann 2012]), they are used for identifying threshold val-
ues of pressures (e.g. climatic [Beaugrand 2004] or fishing [Fu et al. 2020]),
and much less on testing for the type of nonlinear response that caused them
[Sguotti et al. 2019]. In contrast, such threshold identification and abrupt
shift nonlinear approaches are only sparsely used at the fish population level
[Vert-Pre et al. 2013, Feuilloley et al. 2020] and have yet to be incorporated
into the stock assessment models used to guide fishery management.

Methods like the ones I presented in Ch. 2 and highlighted their broader
application in Ch. 4 offer novel opportunity to better understand and, if possi-
ble, to detect abrupt ecological shifts in advance, but have been of little use so
far in fisheries. They have been occasionally applied such as for instance, by
measuring increases in variability and autocorrelation in recruitment dynamics
of salmon populations with decreased growth rates [Krkosek & Drake 2014],
or prior to the historical collapse of whale populations due to hunting
[Clements et al. 2017]. Increased variability [Hsieh et al. 2006] and nonlin-
earity [Klein et al. 2016] have been shown to be stronger in exploited versus
non-exploited fish populations, and only very recently, variability and autocor-
relation changes have been tested in productivity regime shifts [Zhang 2020].
Yet, the above methods have found little application overall in fisheries for
detecting which stocks are most likely to experience an abrupt shift.

At the same time, there are also alternative approaches for forecast-
ing or assessing the status of fish stock populations that involve sophisti-
cated statistical analyses, like nonlinear empirically models [Ye et al. 2015,
Munch et al. 2020], superensemble modelling [Anderson et al. 2017], or arti-
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ficial intelligence (e.g. Fuzzy logic [Jones & Cheung 2018]). The common
characteristic of such methods is that they are data-driven meaning that
inference is based on the data themselves rather than a predefined model.
One particular class of such data-driven methods is Machine-learning (ML).
ML involves techniques trained to make predictions based on patterns found
in the data. ML is becoming established in marine monitoring and data-
collection [Beyan & Browman 2020] (like automatised sample identification),
but much less on fish stock assessments. Few studies have used ML either
on specific fisheries [Cavieses Núñez et al. 2018], or on simulated assessments
[Anderson et al. 2017], and only very recently, it has been shown how ML
can better help in rebuilding collapsed fish stocks compared to traditional
management [Memarzadeh et al. 2019]. But, ML techniques have never been
used to identify the risk of abrupt shifts in fish stock trajectories. Moreover, it
is so-far completely unexplored whether combining ML data-driven methods
with dynamical features based on the theory of abrupt shifts can help detect
the risk to abrupt shift in fish stock trajectories.

Given the above considerations, fisheries management could benefit from
developing a framework to systematically classify fish stock trajectories based
on the use of a combination of metrics derived from the theory of nonlinear
abrupt shifts that employs a ML algorithmic approach to detect the risk to
an abrupt shift in fish stock trajectories.

5.6 Classifying global fisheries trajectories

To answer the first research objective I suggest to classify fish stock trajecto-
ries (ie timeseries of population biomass) based on their dynamical features
(ie trajectory trend, trajectory type, and trajectory fluctuations). This will
be achieved in two steps: first, by using model-simulated data to develop the
approach, and, second, by applying the developed approach on empirical fish
stock timeseries. These two steps will allow to: i) identify fish stock trajecto-
ries with abrupt shifts, ii) examine whether abrupt-shift trajectories exhibit
different patterns of fluctuations compared to trajectories with non-abrupt
shifts.

In the first step, I focus on classifying simulated trajectories based on
three dynamical features at the same time: trend, type, and fluctuations of
a trajectory. In previous work, we have developed a framework to determine
population trajectory types that go beyond simple linear positive or negative
trends [Rigal et al. 2020](see also Ch. 4 Sec. 4.2). For example, trajectories
might be decreasing in an accelerated (nonlinear) way rather than in a con-
stant (linear) way (Fig. 5.1). In some cases, an abrupt shift in a trajectory may
even imply a shift to an alternative stable state [Petraitis & Dudgeon 2016].

I will simulate annual fish stock trajectories using a classical Ricker fish
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Figure 5.1: A framework for classifying trajectories based on their trend and type
(step 1, 2), characterising their pattern of fluctuations (step 3), and comparing tra-
jectory classes based on their pattern of fluctuations (step 4). (Step 2: Hypothetical
productivity trajectories. Once productivity crosses a threshold (grey line), it is con-
sidered collapsed. An abrupt shift trajectory may not always lead to the collapse of
a fishery. Step 3: Resilience metrics described in Section 5.6

population model [Ricker 1954] to produce a library of four trajectory types
(Fig 3): "Abrupt", "Gradual-Nonlinear", and "Gradual-Linear" or "No-
change" (Fig. 5.1-step1 and 2) (no positive trajectory trends will be con-
sidered). I will categorise types following [Rigal et al. 2020] and by identify-
ing trajectory discontinuities using a step model [Fong et al. 2017]. In other
work2(see also Ch. 4 Sec. 4.3.1), we showed that by comparing linear to step
models based on the Akaike Information Criterion, we can accurately cate-
gorise trajectory types.

In the next step, I will estimate ten properties of the fluctuations of trajec-
tories (Fig. 5.1-step 3): mean, trend in mean, variability (ie coefficient of vari-
ation, index of dispersion, skewness) [Dominguez-Garcia et al. 2019], nonlin-
earity [Sugihara & May 1990], trend in variability [Carpenter & Brock 2006],
"slowing down" (as trend in autocorrelation [Dakos et al. 2008], and local sta-
bility both as trend and average of the eigenvalues from a fitted time-varying
autoregressive state-space model [Ives & Dakos 2012]). Finally, I will compare

2Berdugo M & Dakos V. Abrupt changes govern vegetation temporal dynamics in global dry-
lands (in revision)
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metrics between trajectory classes by standard multivariate analysis (PCA),
hierarchical clustering, and Generalised Linear Models (GLMs) (Fig. 5.1-step
4). Developing and fine-tuning these four steps will become the framework to
apply on empirical data as I explain in the next section.

I propose to test the above framework on the RAM Legacy Stock As-
sessment database (hereafter RAMLDB3) of global marine fish stock as-
sessments [Ricard et al. 2012]. RAMLDB is a standardised, rich (around 300
populations with sufficient data for the proposed analysis), and the most
comprehensive global database of fish population dynamics. As such, the
RAMLDB provides a suitable database for exploring productivity trajectories
from fisheries across different taxa and regions, where abrupt shifts have been
already identified [Vert-Pre et al. 2013].

I will basically apply the four step of Fig. 5.1 on fish stocks with at least
20 years of available data focusing only on trajectories with negative ("De-
clining") or no trends ("No change") - but ignoring increasing trends.

5.7 Identifying the drivers of global fisheries
trajectories

The next objective is to identify potential drivers of the evaluated tra-
jectory classes and fluctuation patterns. This will allow to better under-
stand which fish stock properties and under which conditions stock tra-
jectories may respond abruptly. In particular, we focus on environmental
(i.e. climatic forcing) and anthropogenic (i.e. fishing) pressures, as these
two factors are the two dominant forces in shaping fish stock dynamics
[Rouyer et al. 2014, Free et al. 2019]. I will also examine the relationship be-
tween trajectory dynamical features and life-history traits, as well as the en-
vironmental conditions stocks live in. This will offer an understanding on: i)
which life-history traits, environmental factors, and ii) which fishing-related
factors can explain differences in the classes and patterns of fluctuations in fish
stock trajectories. Our main hypotheses are that (1) fish stocks with faster life
histories (e.g. early maturation) which have experienced the strongest envi-
ronmental changes (e.g. slope of sea surface temperature change over a defined
period) will be the most likely to exhibit non-linear dynamics and abrupt shifts
and that (2) stocks which have experienced both prolonged overfishing and
strong environmental change will be most susceptible to abrupt shifts. These
hypotheses are well-grounded in theory, but have only been tested empirically
at a regional scale [Hsieh et al. 2006, Anderson et al. 2008]. Ultimately, this
understanding can help detect which stock trajectories run a higher risk to an
abrupt shift.

3http://www.ramlegacy.org

http://www.ramlegacy.org
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Life-history traits have been shown to affect fish population vulnerabil-
ity and risk to extinction [Reynolds et al. 2005], although studies also report
weaker than expected relationships of collapsed fisheries to traits such as
trophic level, weight, or growth rate [Pinsky et al. 2011] in managed fish-
eries. On the other hand, the effect of climatic forcing for estimating vul-
nerability [Jones & Cheung 2018] and understanding the long-term dynamics
of specific stocks is much better established. Changing patterns in ocean-
atmosphere variability (like the Pacific Decadal (PDO) or the North At-
lantic Oscillations (NAO)) have been drivers for regime shifts in Pacific
fish populations [Hare & Mantua 2000] and abrupt shifts in the North Sea
[Beaugrand et al. 2008]. However, few studies have looked at the effect of
environmental factors across larger scales.

To statistically explore which life-history traits and environmental factors
(in particular climate) favor specific trajectory classes and trajectory fluc-
tuation patterns, I will collect life-history traits: species’ maximum length,
maximum weight, lifespan, age of maturity, trophic level, growth rate, fecun-
dity, parental investment in offspring, habitat (eg demersal vs pelagic), and
phylogeny. Most of these life history traits have already been matched with
stocks in the RAMLDB [Pinsky et al. 2011]. Gaps in life-history traits will
be filled from Fishbase4 and the published literature. Environmental data
will include: Sea Surface Temperature (SST from the COBE-SST dataset5),
climate variability indices (PDO, NAO, ENSO), thermal front and upwelling
intensity [Feuilloley et al. 2020], primary productivity (estimated from remote
sensing6), ecoregions as defined in [Spalding et al. 2007, Costello et al. 2017].
Environmental data will be retrieved from oceanographic7,8 and climate9

databases.
Once this information is compiled, Generalised Linear Mixed Models

(GLMMs) can be used to model the relationship of life-history traits and en-
vironmental factors to i) the four trajectory classes, and ii) to the ten metrics
of fluctuation patterns evaluated in Section 5.6.

Parallel to the life-history traits and environmental factors, I will study
how fishing pressure and fishing-related factors affect trajectory classes and
fluctuation patterns. Clearly, fishing pressure is by far the most important
and widely studied factor affecting fisheries. Fishing pressure partially defines
trajectory trends and may lead to abrupt shifts [Daskalov et al. 2007]. Ex-
ploited fish population show higher variability [Hsieh et al. 2006] and nonlin-

4http://www.fishbase.se
5https://psl.noaa.gov/data/gridded/data.cobe.html
6https://sites.science.oregonstate.edu/ocean.productivity/
7National Oceanographic Center World Ocean Atlas www.nodc.noaa.gov/OC5/WOD/pr_wod.html
8Woods Hole Oceanographic Institute Data www.whoi.edu/data/
9NOAA Earth System Research Laboratory http://www.esrl.noaa.gov/psd/data/

climateindices/

http://www.fishbase.se
https://psl.noaa.gov/data/gridded/data.cobe.html
https://sites.science.oregonstate.edu/ocean.productivity/
https://www.nodc.noaa.gov/OC5/WOD/pr_wod.html
http://www.whoi.edu/data/
http://www.esrl.noaa.gov/psd/data/climateindices/
http://www.esrl.noaa.gov/psd/data/climateindices/
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earity [Anderson et al. 2008] than unfished populations. However, the effect
of other fishing-related factors (such as management approaches) on stock
dynamics are less studied [Mora et al. 2009, Melnychuk et al. 2021].

The fishing-related factors to consider are historical fishing intensity
[Neubauer et al. 2013], maximum fishing mortality relative to Fmsy (fishing
at maximum sustainable yield (MSY)), variance in fishing mortality relative
to Fmsy, total exploitation time (ie years since exploitation began), mean
catch temperature [Cheung et al. 2013], minimum B/Bmsy (an index of how
severely overfished a population has been and potential genetic bottlenecks),
and management approach (ie catch shares, harvest control, Exclusive Eco-
nomic Zone declaration, catch quotas, gear, spatial restrictions). Fisheries-
related factors will be retrieved from the RAMLDB and an associated database
of management characteristics [Melnychuk et al. 2021]. As before, I will use
GLMMs to model the relationship of fishing-related factors to i) the four tra-
jectory classes, and ii) to the ten metrics of fluctuation patterns.

5.8 Detecting fisheries trajectories at-risk-to abrupt
shifts

By combining the results obtained in the previous two sections, I aim to esti-
mate the potential risk to an abrupt shift in a fish stock trajectory. I define
risk as the probability for a trajectory to experience an abrupt shift that I
hypothesise to be estimated using a learning algorithm based on i) the trajec-
tory’s fluctuation metrics, ii) the stock’s life-history-traits, environmental and
fishing-related factors. If the learning algorithm works, it will provide a data-
driven, abrupt-shift detection diagnostic aimed to facilitate decision-making
in fisheries management.

Machine-learning methods (ML) are data-driven decision tools used for
pattern recognition, classification, or prediction tasks [Goodfellow et al. 2015].
The logic behind ML is that given a set of data (a training set), the algorithm
aims to use patterns from the data itself and/or other user-defined inputs
to perform a task (e.g. classify, predict) on a new set of data. Although
ML approaches have been increasingly used in marine science for monitoring
and data gathering tasks [Beyan & Browman 2020], they have been much less
adopted in fisheries stock assessments where they have been mostly used for
single fisheries (e.g. [Cavieses Núñez et al. 2018]). Only recently, it has been
shown how ML can better help in rebuilding collapsed fish stocks compared
to traditional management [Memarzadeh et al. 2019]. I will train ML risk-
detection algorithms on the classified trajectories using trajectory fluctuation
metrics (Section 5.6) and auxiliary factors (life-history, environmental and
fishing-related factors, Section 5.6).

I will test three alternative ML risk-detection algorithms (Fig. 5.2): 1) LR
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Figure 5.2: Three Machine Learning algorithms for detecting the risk to an abrupt
shift in a trajectory. The ML algorithms aim to classify a trajectory as "abrupt"
or "no-abrupt" after been trained on a set of trajectory classes, fluctuation metrics
and auxiliary factors.
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Figure 5.3: Ultimate goal is a data-driven tool for detecting the risk to abrupt shifts
in a ecological trajectory (e.g. fish stock). It requires access to datasets and performs
in the cloud the computations for classifying trajectories, characterising fluctuations
and measuring sensitivity to external drivers (e.g life-history, environmental, fishing-
related) in order to estimate the risk-to an abrupt shift for a "novel" unclassified
trajectory of interest using machine learning. Black arrows show where user input
is possible.

(metrics) uses logistic regression (LR) fitted to a weighted sum of trajectory
metrics estimated for abrupt shift and no-abrupt shifts [Brett & Rohani 2020]
to assign a probability of an abrupt shift. 2) RF (metrics + auxiliary
factors) uses a Random Forest (RF) algorithm where decision trees are built
using bootstrap resampling from training data and the final predictions are
obtained by majority voting from multiple decision trees. The metrics of
fluctuations, together with the life-history, environmental, and fishing-related
factors are used as input for training the RF in detecting a "novel" trajec-
tory as "Abrupt shift" and "No abrupt shift" 3) CNN (trajectories only)
(Convolutional Neural Network timeseries classification) is a Deep Learning
algorithm that takes as input a timeseries, and captures the temporal pat-
terns and assigns importance to these patterns using trainable weights. The
CNN algorithm will be used directly on the fish stock trajectories and reflects
a situation where the calculation of the other metrics is difficult and auxil-
iary factors are limited. Ultimately, I will not choose the best performing of
the three ML algorithms, but estimate the risk of an abrupt shift based on
ensemble averaging from all three.

5.9 Conclusions

In this chapter, I presented a framework for building a tool that could oper-
ationalise resilience indicators (Ch. 1, 2) by drawing lessons from case-study
applications (Ch. 4). Such framework bridges big available ecological datasets
with computational advances in machine learning algorithms. All these can
be accessed, performed and stored through cloud computing that allows for an
easy, fast and open use by anyone. I demonstrated how this can be achieved
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using as example global fisheries (Fig. 5.3). But the scheme of Fig. 5.3 can be
easily adapted for any other ecological (and not only) system like for exam-
ple dryland ecosystems for identifying potential shifts in vegetation, or lakes
for detecting the risk of algal blooms. At the same time, the design of this
framework is modular and versatile, meaning that different types of data can
be combined, new metrics can be added (or removed), and there is a possibil-
ity to customise the desirable deliverable. There is, however, versatility not
only in the structure but also in the purpose of such "tool". It can be used
for education, scientific research but most importantly for ecosystem manage-
ment, as it could be used as an additional diagnostic to provide guidance for
decision-making.





Epilogue
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The resilience of ecosystems is paramount to our society, but under threat
from our activities. Ecological resilience is the capacity of an ecosystem to
persist in the face of external environmental disturbances. When ecological
resilience reaches its minimum, ecosystems may cross a tipping point that
leads to shifting abruptly to an alternative state. Early-Warning Signals of
resilience loss are statistical properties of the dynamics of an ecosystem that
change in predictable ways prior to tipping points. In the previous chapters,
I presented the main elements of the fast-growing field of resilience, tipping
points and early-warnings for anticipating ecological change; a field which I
have helped to develop and continue to contribute to.

Perhaps by now, the (unintented) impression has formed that tipping point
responses are everywhere or are imminent- as it has been recently criticised
[Hillebrand et al. 2020, Lade et al. 2021]. What is a certainty though, is that
there is concern in identifying the cases where resilience may be lost irre-
versibly and ecosystems under stress may experience previously not recognised
tipping points. The climate example is a tell-tale. A bit over a decade after
the discourse on the identification of tipping elements in the climate system
and their possible occurrence [Lenton et al. 2007], evidence on their unfold-
ing is accumulating [Garbe et al. 2020], so that it may be too reckless not to
consider them seriously [Lenton et al. 2019].

Concretely, the working group of the physical science basis of the latest
Intergovernmental Panel on Climate Change (IPCC) sixth assessment report
succinctly states that although there is "limited evidence for low-likelihood,
high-impact outcomes (resulting from ice-sheet instability processes charac-
terized by deep uncertainty and in some cases involving tipping points) (B.5.2
[IPCC 2021]), [...] abrupt responses and tipping points of the climate system,
such as strongly increased Antarctic ice-sheet melt and forest dieback, cannot
be ruled out (high confidence)" (C.3.2 [IPCC 2021]).

One could claim that the same may hold for ecosystems. In fact, the
2019 published Intergovernmental Science-Policy Platform on Biodiversity
and Ecosystem Services (IPBES) acknowledges- in the dedicated section on
Regime Shifts, Tipping Points and Planetary Boundaries- that there are sev-
eral regime shifts at large regional scales underway that have been initiated
by human disturbance (section 4.5.5 [IPBES 2019]). The report states that
global scale regime shifts are rather speculative, nonetheless it stresses that
the potential magnitude and scale of the impacts will be so large that "fur-
ther work to understand and model the underlying mechanisms is essential",
urging that "management that explicitly accounts for nonlinear dynamics (in-
cluding tipping points) will be more important than ever" (section 5.4.2.4
[IPBES 2019]).

Notably, part of target 15 of the Aichi Biodiversity Targets- set up
by the Convention on Biological Diversity (CBD) in the Strategic Plan
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for Biodiversity (2011–2020)- is to enhance ecosystem resilience. How-
ever, the IPBES states that progress towards this target is “unknown”
(Fig 3.6, Ch. 3 [IPBES 2019]), because the "lack of agreement on how
to measure ecosystem resilience" and "the lack of both quantitative indi-
cators and qualitative information means that no assessment of progress
was possible". At the same time, the IUCN Red list of ecosystems
[Keith et al. 2013, IUCN 2014]- a recent addition to the more familiar Red
list of species- requires a quantitative analysis of the collapse risk of a defined
ecosystem (Criterion E, [IUCN 2015]), which apparently remains elusive until
now [Sato & Lindenmayer 2018, Bland et al. 2018].

What the IPBES report and the Red list of ecosystems both identify is the
need to invest in better understanding and monitoring changes in ecosystems
around us. This raises the question of what tools are required to measure
the resilience of stressed ecosystems, as managers need this information in
order to make a decision that will either mitigate the potential collapse or
prepare the community for the upcoming change. The research I presented in
this monograph is timely and in line with the needs identified by the recent
reports on climate and biodiversity.

Clearly, we need to keep analysing empirical data for patterns that hint to
bistability10 and threshold responses [Gozzi et al. 2021], as well as develop ex-
periments to test the theoretical expectations11 (Ch. 1). A particular example
that I consider of high interest at the ecology-climate nexus is understanding
how multiple global change stressors will affect the functioning of seagrass
ecosystems as carbon sinks leading to threshold behaviours in carbon fluxes
(Ch. 1 Sec. 1.6). Despite the emerging work that has been quantifying the
cumulative impacts of anthropogenic disturbances on seagrasses performance,
there is less known of how these stressors interact and affect feedbacks be-
tween biogeochemical, hydrological, and biological processes in the seagrass
meadows. We have made the first modelling steps12 that are to be further de-
veloped in order to understand how all these feedbacks and multiple stressors
can give rise to tipping cascades between seagrass ecosystems and sediment
carbon sequestration.

Another point of interest revolves around the potential role of evolution
in mediating tipping points, alternative stable states, and hysteresis as stated
by the latest IPBES report (section 4.5.5, fig. 4.2.3) [IPBES 2019]. Chap-
ter 3 addresses exactly this point by presenting theoretically how we can

10Sanabria-Fernandez, J.A., A. Genin, V. Dakos. Detecting alternative states in macroalgal
functional diversity of rocky reefs. in preparation

11Soissons, L.M., V. Dakos, V. Ouisse, M. Le Fur, Julie Morla, L. Benedetti-Cecchic, F. Rossi.
Experimental evidence of loss of resilience and non-linear response to multiple disturbances.in
preparation

12Le Vilain, A. From sink to source: Dynamics of blue-carbon storage in seagrass ecosystems,
Sorbonne University, Paris, 2021.
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add an eco-evolutionary dimension to the present study of tipping points
[Chaparro-Pedraza 2021, Ardichvili et al. 2022]13. Still, a lot of questions re-
main. It will be important to identify under which conditions (e.g. type of
environmental stress, type of response/effect trait, level of genetic variation,
plasticity, spatial and temporal scales) trait change would modify tipping point
responses. It might be that trait changes that may impact ecosystem collapse
are very different to the ones that impact recovery trajectories. Figuring out
such relationships will help us study the type of eco-evolutionary feedbacks
that could develop along the collapse and recovery trajectories of ecosystems
with tipping points. Ultimately one might even address the question about
whether ecological bistability can lead to bistability in trait values that has
relevant implications in the process of speciation and species divergence. On-
going work will help to gain some deeper theoretically insight at least for
some of the above questions14. Yet, it remains an outstanding challenge to
test these ideas experimentally.

But the most relevant and timely objective is the use and applicability
of EWS of resilience to infer threshold responses in practice for actual man-
agement decisions. In Ch. 2, I summarised the great number of methods for
quantifying the risk of ecosystems experiencing a tipping point, and outlined
the three main ways that we could use these indicators practically: monitoring
[Lürig et al. 2020], ranking [Cailleret et al. 2019], and mapping resilience15,16.
Clearly, tools as the ones described in Ch. 2 are part of a greater program in
ecology that has lately gained momentum in becoming more predictive and
practically-oriented to decision-making [White et al. 2019, Dietze et al. 2018].
The big opportunity that we have now is the increasing availability of long-
term data even at global scale (big data) [Xia et al. 2020] gathered on one
hand, by satellite remote-sensing, aerial photographs and drone technology, or
automated continuous monitoring sensors, and organised on the other hand,
by curated datasets where all these data are accumulated and organised in
ways that make them available and directly accessible to use (e.g. Living
Planet Index, Biotime biodiversity datasets, Google Earth Engine for satellite
images). We have now the opportunity to test our advanced methods on such
rich datasets [Rocha 2021]. Yet, despite these recent advances, we still lack
general frameworks that are able to estimate resilience indicators and provide
an ecosystem resilience assessment to ultimately inform managerial decisions.

The next step should be a resilience sensing system that could provide
13Sinitambirivoutin, M., Nosil, P., Flaxman, S., Jeffrey Feder, J., Gompert, Z., V. Dakos. 2021.

Early-warning signals of impending speciation. in review)
14(2021-2024) PhD, Sirine Boucenna, "An eco-evolutionary framework for studying resilience

and tipping points in ecosystems under stress".
15Veldhuis M.P., Martinez-Garcia R., Deblauwe V., Pringle R.M., Tarnita C.E., Dakos V.

Remotely-sensed slowing down in spatially patterned dryland ecosystems. in revision
16Forzieri G., Dakos V., McDowell N.G., Ramdane A., Cescatti A. Emerging signals of declining

forest resilience under climate change. accepted in Nature



136

a regular status report on biosphere resilience that could even form part of
IPBES assessment reports17. This is exactly what the research I described in
Ch. 4 is meant to achieve, while in Ch. 5 I suggest a multi-metric cloud-based
framework for global fisheries that can be generalised to any other ecosystem
type. We could even imagine a computational cloud-based automatic and real
time resilience sensing system that could enable managers seeking to enhance
ecological resilience.

These are not chimeric goals. We have a framework to categorise trajec-
tory dynamics that go beyond the classical linear trends [Rigal et al. 2020],
we have developed ways to combine trajectory shapes to resilience proper-
ties18,19, and methods to link environmental drivers to dynamical patterns20.
Machine-learning techniques are suggesting that we are improving our abil-
ity to correctly anticipate abrupt responses possibly even tipping points
[Brett & Rohani 2020, Bury et al. 2021]21. These approaches are yet to be
tested in population dynamics for assessing global biodiversity changes22, in
global fisheries23, while they can even be integrated in data analysis platforms
(e.g. the EU observatory initiative for forest degradation).

Hopefully, if we can identify where resilience is being lost, we can have a
better chance of correcting our mistakes. If we can identify where resilience
is improving, we can then learn which actions we should seek to prioritise.

17TM Lenton, JE Buxton, DAI Armstrong, JF Abrams, CA Boulton, K Lees, TWR Powell, N
Boers, AM Cunliffe, V Dakos (in press) A resilience sensing system for the biosphere. Philosophical
Transactions of the Royal Society B: Biological Sciences

18 Berdugo M., J. J. Gaitán, M. Delgado-Baquerizo, T. W. Crowther, V. Dakos. Abrupt shifts
govern ecosystem productivity dynamics in global drylands. (in revision)

19Gilarranz L. J., A. Narwani, D. Odermatt, R. Siber, V. Dakos. Regime Shifts, Trends, And
Variability Of Lake Productivity At A Global Scale. (in revision)

20S. Rigal, V. Dakos, and 50 co-authors, V Devictor. Farmland practices are driving bird
populations decline across Europe. submitted

21Forzieri G., Dakos V., McDowell N.G., Ramdane A., Cescatti A. Emerging signals of declining
forest resilience under climate change. accepted in Nature

22(2021-2024) PhD, Maelys Bonnec, "Processus de résilience de la biodiversité en régime de
changements globaux".

23(2021-2024) PhD, Mathieu Pélissié, "Detecting fisheries productivity trajectories at-risk to
abrupt shifts".
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M.C. Escher, Fishes and Scales, 1959





Glossary

Alternative stable
states:

Contrasting states that a system may con-
verge to under the same external conditions.

Bifurcation: A critical threshold in environmental condi-
tions at which the qualitative behavior of a
system changes.

Big data: Data sets that are too large or complex to
be dealt with by traditional data-processing
application software.

Bistability: The presence of two alternative stable states
under the same conditions.

Catastrophic bifurca-

tion:

A substantial change in the qualitative state
of a system at a threshold in a parameter or
condition.

Cloud-computing:

Contemporary (or

rapid) evolution:

Evolutionary changes that occurs sufficiently
rapid that it can have an impact on ecologi-
cal dynamics at the same time-scale as other
ecological factors.

Critical slowing down: The phenomenon that the return time of
a disturbance back to equilibrium increases
close to a bifurcation.

Eco-evolutionary dy-

namics:

Dynamics in which ecological processes influ-
ence evolutionary processes and evolutionary
processes influence ecological processes.

Effect trait: A measurable feature of an organism that
underlies an organism’s direct effect on an
ecosystem function.

Equilibrium: The condition at which competing processes
are balanced. At a stable equilibrium, a sys-
tem returns to it upon a small perturbation.
At an unstable equilibrium, a system moves
away from it upon a small perturbation.
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Genetic drift: Changes in allele frequencies due to random
sampling during reproduction.

Hysteresis: The lack of reversibility after a catastrophic
bifurcation, meaning that when conditions
change in the opposite direction the system
stays in the alternative state unless it reaches
another bifurcation point (different than the
one that caused the first shift).

Machine Learning: Algorithms that build a model based on sam-
ple data (training data), in order to make
predictions or decisions without being explic-
itly programmed to do so.

Nonlinearity: Behavior that is not expressed as a linear
function of its descriptors.

Phenotypic plasticity: Non-heritable changes in the phenotype of an
organism.

Positive and negative

feedback:

A process through which a change has a re-
spectively positive or negative effect on itself.
Also referred to as self-enforcing and damp-
ening feedback respectively.

Regime shift: A sharp change from one regime (state) to a
contrasting regime. A regime is a dynamic
“state” of a system.

Remote-sensing: Acquisition of information about an object or
phenomenon without making physical con-
tact with the object, in contrast to in situ or
on-site observation.

Response trait: A measurable feature of an organism that
underlies an organism’s response to environ-
mental change.

Stock assessment: Process of determining changes in the abun-
dance of fishery stocks in response to fishing
for predicting future trends in stock abun-
dance.

Threshold: A point where the system is very sensitive to
changing environmental conditions.

Tipping point: The point where following a perturbation a
self-propagated change can eventually cause
a system to shift to a qualitatively different
state.

Trait variation: Variability of any morphological, physiologi-
cal, or behavioral feature.
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Trait evolution: Genetic change in phenotype of a given trait.
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5. Ecological	Society	of	America	Annual	Meeting,	New	Orleans,	USA,	August	

2018	
6. British	Ecological	Society,	Ghent,	Belgium,	December	2017	
7. International	Shallow	Lakes	Conference,	Mexico	2017	
8. EcoSummit	conference,	France,	2016	(invited)	
9. Monte	Verita	conference,	Switzerland,	2016	
10. International	Shallow	Lakes	Conference,	Turkey,	2014	(plenary)	
11. European	Conference	on	Complex	Systems,	Italy,	2014	(invited)	
12. Ecological	Society	of	America	Annual	Meeting,	USA,	2014	
13. Resilience2014	Conference,	France,	2014	
14. Ecological	Society	of	America	Annual	Meeting,	USA,	2013	
15. ΑSLO	Summer	Meeting,	Japan,	2012	
	
Invited	seminars	
16. Workshop	on	"Interacting	Tipping	Elements	in	the	Natural	and	Social	

Components	of	the	Earth	System	(InTENSE)"	Germany	(online),	August	2021	
17. French	American	Innovation	Days	-	Facing	the	Predictably	Unpredictable,	USA	

Curriculum Vitae



	 	

(online),	May	2021	
18. Models	in	Ecology	and	Evolution,	Montpellier,	December	2020	
19. Cesco	weeklu	seminar,	MHNM,	Paris,	February	2020	
20. Geoanthropology	Symposium	Max	Planck	Society,	Berlin,	Germany,	

December	2019	
21. Coupled	climate-ecology-economy	modeling	and	model	hierarchies,	Institut	

Henri	Poincaré,	Paris,	France,	October	2019	
22. Chair	of	Mathematical	Modeling	for	Biodiversity,	Paris,	France,	October	2019	
23. BIRS	workshop,	Banff,	Canada,	August	2019	
24. Journée	MODECO:	Modélisation	des	Dynamiques	Ecologiques.	Nice,	France,	

July	2019	
25. iEES	Friday	Seminars,	UPMC	Sorbonne	U,	June	2019	
26. Leibnitz	Institute	for	Zoo	and	Wildlife	Research,	Berlin,	Germany,	April	2019	
27. Zoology	Friday	Seminars,	Trinity	College	Dublin,	February	2019	
28. Critics	EU	PhD	Workshop,	Venenburg,	Germany,	March	2018	
29. Department	for	Environmental	and	Aquatic	Sciences	&	Institute	for	

Environmental	Sciences,	University	of	Geneva,	Switzerland,	January	2018	
30. Ecological	Networks	Summer	School,	Leuven	University,	Belgium,	2017	
31. Aquatic	Ecology	weekly	seminars,	Leuven	University,	Belgium,	2017	
32. Early-Warning-Signals	Workshop,	University	of	Montpellier,	France,	2016	
33. EAWAG-Kastanienbaum,	Aquatic	Ecology	Seminars,	Switzerland,	2016	
34. Nonlinear	Dynamics	in	Biology	Seminar,	Muenster	University,	Germany,	2015	
35. Department	of	Environmental	Sciences	weekly	seminars,	University	of	

Virginia,	USA,	2013	
36. Biophysics	Lab	seminars,	MIT,	USA,	2013	
37. Workshop	on	Sustainability,	Santa	Fe	Institute,	USA,	2013	
38. Odum	School	of	Ecology	weekly	seminars,	University	of	Georgia,	USA,	2013	
39. EAWAG-Dubendorf,	Aquatic	Ecology	Seminars,	Switzerland,	2012	
40. Estación	Biológica	de	Doñana	weekly	seminars,	Spain,	2012	
41. Workshop	on	Critical	Transitions	in	Complex	Systems,	Imperial	College,	UK,	

2012	

ORGANISATION	OF	SYMPOSIA,	WORKSHOPS	
2019	 Euromarine	Foresight	workshop	(France)	
2018	 Annual	meeting	GDR	Theoretical	Ecology	(France)	
2018	 Symposium:	 From	 Theory	 to	 Application:	 Addressing	 Outstanding	
	 Challenges	 to	 Operationalizing	 Resilience.	 Ecological	 Society	 of	 America,	
	 New	Orleans,	USA	(co-organiser)	
2018		 Session:	Robustness,	Adaptability	and	Critical	Transitions	in	Living	Systems.	
	 Complex	System	Society	Conference,	Thessaloniki,	Greece	(co-organiser)	
2016	 Organizing	committee	workshop	(Switzerland).	
2014	 Organizing	committee	for	satellite	session,	ΑSLO	Aquatic	Sciences	Meeting	
	 (Spain).	
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2012	 Organiser	MasterClass	and	Colloquium,	Dutch	Royal	Science	and	Arts	
	 Society	(The	Netherlands).	
2012	 Organizing	committee	for	satellite	session,	ΑSLO	Summer	Meeting	(Japan).	
2011	 Organiser	workshop,	Santa	Fe	Institute	(USA).	
2011	 Organizing	committee	for	satellite	session,	Resilience	Conference	(USA).	

SUPERVISION	
Postdocs	
2021-	 Martina	Sanchez	Pinillos	(MarieCurie	EU	postdoc)	Dynamic-Regime	Shifts	
	 in	Forests:	Trajectories	from	Science	to	Management,	University	of	
	 Montpellier	(co-supervised	S		Kéfi)	
2017-19	 Virginia	Dominguez,	ANR	project	ARSENIC	“Stability	of	ecological		
	 	 communities”	(co-supervised	S	Kéfi)	
	 Dominguez-Garcia	V,	Dakos	V,	Kefi	S	(2019).	Unveiling	dimensions	of	
	 stability	in	complex	ecological	networks.	Proc	Natl	Acad	Sci	USA,	116:	
	 25714-	25720.	doi:10.1073/pnas.1904470116	
	 Kéfi	S,	Domínguez-García	V,	Donohue	I,	Fontaine	C,	Thébault	E,	Dakos	
	 V	(2019).	Advancing	our	understanding	of	ecological	stability.	Ecology	
	 Letters,	22:	1349-1356.	doi:10.1111/ele.13340	
2019-21	 Laura	Soissons,	Marie	Curie	project	“Innovative	indicators	of	resilience	
	 	 to	protect	the	health	status	of	seagrass	meadows:	from	ecological		
	 	 theory	to	conservation”	(co-supervised	F	Rossi)	
	
PhD	students	
2021-		 Mayles	Boennec	(PhD	Montpellier)	Global	population	trends	across	taxa	
	 (co-supevised	V	Devictor)	
2021-	 Mathieu	Pelissie	(PhD	Montpellier)	Biogeographical	patterns	of	population	
	 dynamics	(co-supevised	V	Devictor)	
2021-	 Sirina	Boucenna	(PhD	Montpellier)	eco-evolutionary	dynamics	and	tipping	
	 points		events	(co-supevised	G	Raoul)	
2021-	 Jhelam	N.	Deshpande	(PhD	Montpellier)	interventions	and	the	propagation	
	 of	disease	in	complex	eco-evolutionary	landscapes	(co-supevised	E	
	 Fronhofer)	
2019-21	Stanislas	Rigal	(PhD	Montpellier)	Community	responses	to	anthropogenic	
	 impacts:	a	spatio-temporal	approach	on	long-term	datasets,	University	of	
	 Montpellier	(co-supervised	V	Devictor)	
	 Rigal	S,	Devictor	V,	Dakos	V	(2020).	A	method	for	classifying	and	
	 comparing	non-linear	trajectories	of	ecological	variables.	Ecological	
	 Indicators,	112:	106113.	doi:10.1016/j.ecolind.2020.106113	
	 Rigal	S,	Devictor,	Gaüzère	P,	Kéfi	S,	Forsman	JT,	Kajanus	MH,	Mönkkönen	
	 M,	Dakos	V	(2021).	Biotic	homogenisation	in	bird	communities	leads	
	 to	large-scale	changes	in	species	associations.	Oikos	00:1–
	 14.	doi:10.1111/oik.08756	
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Master	students	
2021	 Antoine	Le	Vilain,	Modelling	seagrass	meadows	and	carbon	storage	in	
	 coastal	ecosystems,	Sorbonne	University,	(MSc	thesis,	M2)	
2021	 Yann	Burkhardt,	The	Fragility	of	Coecistence,	Universite	Paris-Saclay,	(MSc	
	 thesis,		M2)	
2021	 Clem	Carle,	Phenotypic	variation	affects	the	propagation	of	tipping	points	
	 in	metapopulation	networks,	University	of	Montpellier,	(MSc	thesis,	M1)	
2021	 Lucie	Bourreau,	Resilient	properties	in	ecological	models	with	alternative	
	 stable	states,	University	of	Montpellier,	(MSc	thesis,	M1)	
2021	 Leonard	Heinry,	How	bumblebees	induce	flowering	in	plants,	Sorbonne	
	 University,	(MSc	thesis,	M1)	
2020		 Maidie	Sinitambirivoutin,	Ecole	Polytechnique	Paris	(MSc	thesis,	M1)	
	 Sinitambirivoutin	M,	Nosil	P,	Flaxman	S,	Feder	J,	Gompert	Z,	Dakos	V	
	 Early-warning		signals	of	impending	speciation,	submitted	to	Evolution	
	 Letters	
2020		 Alice	Ardichvilli,	Sorbonne	University	(MSc	thesis,	M2)	
	 Ardichvilli	A,	Loeuille	N,	Dakos	V	Evolutionary	emergence	of	alternative	
	 stable	states		 in	shallow	lakes	(in	revision	for	The	American	Naturalist)	
2020		 Santiago	Parra	Bulacio,Sorbonne	University	Paris	(MSc	thesis,	M1)	
	 Parra	S,	Thébault	E,	Fontaine	C,	Dakos	V	How	common	is	interaction	
	 fidelity	in	plant-pollinator	communities?	(in	revision	for	Journal	of	Animal	
	 Ecology)	
2018		 Remy	Beugnon,	Effects	of	non-trophic	interactions	on	community	
	 dynamics,	University	of	Montpellier	(MSc	thesis,	M2) 
2016		 Michaela	Amherd,	Eco-evolutionary	tipping	points,	ETH	Zurich	(MSc	
	 research)	
2009		 Ingrid	van	de	Leemput,	Wageningen	University,	NL	(MSc	thesis)	
	 van	de	Leemput	I,	Veraart	AJ,	Dakos V,	de	Klein	JJM,	Strous	M,	Scheffer	M	
	 (2011)		Predicting	microbial	nitrogen	pathways	from	basic	
	 principles.	Environmental	Microbiology,	13:	1477–
	 1487.	doi:	10.1111/j.1462-2920.2011.02450.x	
2008		 Tim	Vaessen,	Chaos	in	multispecies	communities,	Wageningen	University,	
	 NL	(MSc	thesis)	
2007		 Michiel	Pols,	Spatial	resilience	of	coral	reefs,	Wageningen	University,	NL	
	 (MSc	thesis)	
	
Visting	PhD	students	
2021-	 Bo	Qin,	Chinese	Academy	of	Science	
2019-20	Kimberly	Thompson,	University	of	Wisconsin,	Fulbright	Doctoral	fellow	
2019		 Jose	Santabria,	University	of	Barcelona	
2019		 Jorrit	Mesman,	University	of	Geneva	
	 Mesman	JP,	Stelzer	JAA,	Dakos	V,	Goyette	S,	Jones	ID,	Kasparian	J,	Ibelings	
	 B	(2021).	The	role	of	internal	feedbacks	in	shifting	deep	lake	mixing	
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	 regimes	under	a	warming	climate.	Freshwater	Biology,	1–
	 15.	doi:10.1111/fwb.13704	
2019		 Michael	Thayne,	Free	University	Berlin	
2019		 Julio	Stelzer,	University	of	Geneva	
2017		 M	Lurig,	Eawag	Switzerland	
	 Lürig	MD,	Best	RJ,	Dakos	V,	Matthews	B	(2021).	Submerged	macrophytes	
	 affect	the	temporal	variability	of	aquatic	ecosystems.	Freshwater	
	 Biology,	421–	 435.	doi:10.1111/fwb.13648	
2017		 Caterina	Cozzi,	University	of	Pisa	
	 Gozzi	C,	Dakos	V,	Buccianti	A,	Vaselli	O	(2021).	Are	geochemical	regime	
	 shifts	identifiable	in	river	waters?	Exploring	the	compositional	dynamics	of	
	 the	Tiber	River	(Italy).	Science	of	the	Total	Environment	785:	
	 147268.	doi:10.1016/j.scitotenv.2021.147268	

TEACHING	
2020-21	 teaching	practicals	on	Mathematical	Modeling	in	Ecology	and	
	 	 Evolution	(Sorbonne	U,	MSc)(24hrs/year)	
2018	 	 guest	lecturer	Models	in	Ecology	and	Evolution	(Montpellier	U,		
	 	 MSc)(3hrs)	
2017	 	 guest	lecturer	Insects	in	Agroecosystems	(ETH	Zurich,	MSc)(3hrs)	
2010	 	 masterclass	on	application	of	resilience	indicators		
	 	 (Dutch	Science	Society,	PhD	and	postdocs)(6hrs)	
2009-10	 guest	lecturer	Biology	(Amsterdam	U,	BSc)(6hrs)	
2008-10	 teaching	assistant	Mathematical	Models	for	Biologists		
	 	 (Wageningen	U,	MSc)(30hrs/year)	

OTHER	ACTIVITIES	
BioDICée	team:		
Organize	 activities	 in	 our	 team:	 a	 2-day	 workshop	 in	 Aussois	 April	 2017,	 team	
excursions,	and	accommodating	visiting	scientists.	Responsible	for	our	weekly	lab	
meetings	 that	 involve	 a	 journal	 club,	 guest	 talks,	 and	 research	 updates	 (2017-
2018).	
	
Editorial	work:		
Associate	Editor	for	Ecological	Complexity	(2019-)	
Associate	Editor	for	Ecology	&	Society	(2015-2020)	
Guest	editor	Environmental	Research	Letters:	Focus	on	Earth	System	Resilience	
and	Tipping	Behavior	(2021)	
Guest	editor	Theoretical	Ecology:	Special	issue	on	regime	shifts	and	tipping	points	
in	ecology	(2013)	
Funding	Agency	Reviewer	for	(Year):		
FWO	 (2018);	 ERC	 Consolidator	Grant	 (2017);	UK	NERC	 (2019),	 FWO	 (2018),	 FRB	
(2020),	 Wageningen	 University	 Doctoral	 School	 (2020),	 ERC	 Advanced	 Grant	
(2020),	Czech	Science	Foundation	(2021).	
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Service	as	a	Reviewer:		
(10	 manuscripts	 on	 average	 per	 year-	 since	 2010):	 Science,	 Nature,	 PNAS,	
American	 Naturalist,	 PloS	 Computational	 Biology,	 Ecology	 Letters,	 Ecosystems,	
Ecology,	 Ecohydrology,	 Theoretical	 Ecology,	 Journal	 of	 Theoretical	 Biology,	
Ecological	 Complexity,	 Nature	 Communications,	 Global	 Environmental	 Change,	
PloS	One,	Scientific	Reports,	Global	Ecology	and	Biogeography,	Trends	in	Ecology	
and	Evolution,	Nature	Ecology	&	Evolution,	...).	
	
Memberships:		
Ecological	Society	of	America	(ESA),	Societe	Francaise	Ecologie	&	Evolution	(SFE2),	
British	Ecological	Society	(BES)	
	
Research	stays:		
July	2018	 Eawag	in	Zurich	(the	Swiss	Federal	Institute	for	Water	Research)		
	 	 Department	of	Aquatic	Ecology.	(A	Nirwani,	B	Matthews,	F	Pomati)	
	
Public	outreach:		
• Interviewed	by	the	journal	of	CULTURAgri	for	the	article	“Bascule	et	résilience	

sur	le	pollinisateurs”	(no	4	December	2019).		
• Interview	(2019)	on	the	general	theme	on	predicted	tipping	points	for	an	

upcoming	article	for	Science	News	magazine.	
• Vulgarization	article	(2018)	by	Science	Trends	

(https://sciencetrends.com/canaries-in-a-coal-mine-best-indicator-species-
for-detecting-abrupt-community-shifts/).	

	
Software:		
Developer	and	maintainer	of	earlywarning	package	for	statistical	computing	in	R	
(github.com/earlywarningtoolbox)	and	administrator	of	www.early-warning-
signals.org	
	
PhD	Jury/Examiner:		
• A	Åkesson	(Linkoping	U,	Sweden,	2022,	examiner)	
• S	Bakker	(Sorbonne	U,	2021-	,	jury)	
• L	Madeiros	(MIT,	USA,	2021-,		jury)	
• F	Hougnandan	(U	Montpellier	2020,	examiner)	
• P	Rodriguez	(Wageningen	U,	NL,	2020	examiner)	
• L	Zamorano	(U	Montpellier	2019-,	jury)	
• P	Rodriguez	(Wageningen	U,	NL,	2020	examiner)	
• D	Ward	(U	Tasmania,	Australia,	2019	examiner)	
• F	Aubree	(U	Cote	d	Azur	2019,	jury)	
• J	Stelzer	(U	Geneva,	2019	jury)	
• J	Mesman	(U	Geneva,	2019	jury)	
• M	Thayne	(Free	U	Berlin,	2019	jury)	
• P	Rodriguez	(Wageningen	U,	NL,	2020	examiner)	
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• S	Kortsch	(Tromso	U,	Norway,	2016	examiner)	

CURRENT	COLLABORATIONS		
arranged	per	topic	
Resilience	and	Stability-	theory	
Sonia	Kéfi	 ISEM,	Montpellier	U	
Jeff	Arnoldi	 Moulis	Biological	Station	
Tim	Lenton	 University	of	Exeter,	UK	

Empirical	studies	of	resilience	
Andreas	Koutsodendris	 Heidelberg	University,	Germany	
Michiel	Veldhuis	 Leiden	University,	NL	
Pandelis	Perakakis	 University	of	Granada,	Spain	
Tanya	Latty	 University	of	Sydney,	Australia	

Eco-evolutionary	tipping	points	 	
Blake	Matthews		 EAWAG,	Switzerland	
Nicolas	Loeuille		 iEES,	Sorbonne	University	
Anita	Narwani		 EAWAG,	Switzerland	
Patrik	Nosil	 		CEFE,	Montpellier	U	

Networks	 	
Elisa	Thebault	 iEES,	Sorbonne	University	
Colin	Fontaine		 Natural	History	Museum	Paris	
Benno	Simmons	 University	of	Exeter,	UK	
Oliver	Kaltz	 ISEM,	Montpellier	U	

Global	dynamical	patterns	 	
Manuela	Gonzalez	 Reading	University,	UK	
Luis	Gilarranz	 EAWAG,	Switzerland	
Miguel	Berdugo	 University	of	Barcelona,	Spain	
Vincent	Devictor	 ISEM,	Montpellier	U	

Methods	
David	Novo	 LIRMM,	Montpellier	U	
Francesco	Pomati		 EAWAG,	Switzerland	

Seagrass	resilience	
Eugenia	Apostolaki	 Center	of	Marine	Research,	Greece	
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Publications

74 publications in peer-reviewed journals,
Web of Science 01/2022: h-index = 32, citations = 9046.
Full updated list: on GoogleScholar and on my personal website.

Revues à comité de lecture

underlined names denote Master, PhD students, or Postdocs

2022

1. Dakos V, Kéfi S (2022). Ecological Resilience: What to Measure and
How. Environmental Research Letters 17: 043003. doi:10.1088/1748-
9326/ac5767

2021

2. Rigal S, Devictor V, Gaüzère P, Kéfi S, Forsman JT, Kajanus MH,
Mönkkönen M, Dakos V (2021) Biotic homogenisation in bird commu-
nities leads to large-scale changes in species associations. Oikos, 00:1-14.
doi:10.1111/oik.08756

3. Chaparro Pedraza PC, Matthews B, de Meester L, Dakos V (2021)
Adaptive Evolution Can Both Prevent Ecosystem Collapse and De-
lay Ecosystem Recovery. The American Naturalist, 198:E185–E197.
doi:10.1086/716929

4. Laitinen V,Dakos V, Lahti L (2021) Probabilistic early warning signals.
Ecology and Evolution, 1-14. doi:10.1002/ece3.8123

5. Gozzi C, Dakos V, Buccianti A, Vaselli O (2021) Are geochemical
regime shifts identifiable in river waters? Exploring the compositional
dynamics of the Tiber River (Italy). Science of the Total Environment
785 : 147268. doi:10.1016/j.scitotenv.2021.147268

6. Mesman JP, Stelzer JAA, Dakos V, Goyette S, Jones ID, Kasparian
J, Ibelings B (2021) The role of internal feedbacks in shifting deep lake
mixing regimes under a warming climate. Freshwater Biology, 1–15.
doi:10.1111/fwb.13704

7. Lürig MD, Best RJ, Dakos V, Matthews B (2021) Submerged macro-
phytes affect the temporal variability of aquatic ecosystems. Freshwater
Biology, 421–435. doi:10.1111/fwb.13648

https://scholar.google.co.uk/citations?user=SayTLu4AAAAJ
https://www.vasilisdakos.info/?page_id=888
http://doi.org/10.1088/1748-9326/ac5767
http://doi.org/10.1088/1748-9326/ac5767
http://doi.org/10.1111/oik.08756
http://doi.org/10.1086/716929
http://doi.org/10.1002/ece3.8123
http://doi.org/10.1016/j.scitotenv.2021.147268
https://doi:10.1111/fwb.13704
http://doi.org/10.1111/fwb.13648


202 Publications

2020

8. Simmons BI, Wauchope HS, Amano T, Dicks L V, Sutherland
WJ, Dakos V (2020). Estimating the risk of species interac-
tion loss in mutualistic communities. PLoS Biology, 18: 1–20.
doi:10.1371/journal.pbio.3000843

9. Abbott KC, Dakos V (2020) Mapping the distinct origins of bimodality
in a classic model with alternative stable states. Theoretical Ecology.
doi:10.1007/s12080-020-00476-5

10. Rigal S, Devictor V, Dakos V (2020). A method for classifying and
comparing non-linear trajectories of ecological variables. Ecological In-
dicators, 112: 106113. doi:10.1016/j.ecolind.2020.106113

11. Lever JJ, van de Leemput IA, Weinans E, Quax R, Dakos V, van
Nes EH,Bascompte J,Scheffer M (2020) Foreseeing the future of mu-
tualistic communities beyond collapse. Ecology Letters, 23: 2–15.
doi:10.1111/ele.13401

2019

12. Dominguez-Garcia V, Dakos V, Kefi S (2019) Unveiling di-
mensions of stability in complex ecological networks. Proceed-
ings of the National Academy of Science USA,116: 25714–25720.
doi:10.1073/pnas.1904470116

13. Latty T,Dakos V (2019) The risk of threshold responses, tipping points,
and cascading failures in pollination systems. Biodiversity and Conser-
vation, 28: 3389–3406. doi:10.1007/s10531-019-01844-2

14. Kéfi S, Domínguez-García V, Donohue I, Fontaine C, Thébault E,Dakos
V (2019) Advancing our understanding of ecological stability. Ecology
Letters, 22: 1349-1356. doi:10.1111/ele.13340

15. Carnicer J, Domingo-Marimon C, Ninyerola M, Camarero JJ, Bastos A,
López-Parages J, Blanquer L,Rodríguez-Fonseca B, Lenton T M, Dakos
V, Ribas M, Gutiérrez E, Peñuelas J, Pons X (2019) Regime shifts of
Mediterranean forest carbon uptake and reduced resilience driven by
multidecadal ocean surface temperatures. Global Change Biology 25,
2825–2840. doi:10.1111/gcb.14664

16. Dakos V, Matthews B, Hendry AP, Levine J, Loeuille N, Norberg
J,Nosil P, Scheffer M, De Meester L (2019) Ecosystem tipping points
in an evolving world. Nature Ecology & Evolution 3(3), 355–362.
doi:10.1038/s41559-019-0797-2

http://doi.org/10.1371/journal.pbio.3000843
http://doi.org/10.1007/s12080-020-00476-5
http://doi.org/10.1016/j.ecolind.2020.106113
http://doi:10.1111/ele.13401
http://doi.org/10.1073/pnas.1904470116
https://link.springer.com/article/10.1007/s10531-019-01844-2#citeas
https://doi:10.1111/ele.13340
https://doi:10.1111/gcb.14664
http://www.vasilisdakos.info/wp-content/uploads/Dakos_et_al_NatureEE_2019.pdf


Publications

17. Cailleret M, Dakos V et al (2019) Early-Warning Signals of Individual
Tree Mortality Based on Annual Radial Growth. Frontiers Plant Science
9, 1–14. doi:10.3389/fpls.2018.01964

2018

18. Dakos V (2018) Identifying best-indicator species for abrupt transi-
tions in multispecies communities. Ecological Indicators 94, 494–502.
doi:10.1016/j.ecolind.2017.10.024

19. Bathiany S, Dakos V, Scheffer M, Lenton TM (2018) Climate models
predict increasing temperature variability in poor countries. Science
Advances 4, eaar5809. doi:10.1126/sciadv.aar5809

20. van de Leemput IA, Dakos V, Scheffer M, van Nes EH (2018) Slow
Recovery from Local Disturbances as an Indicator for Loss of Ecosystem
Resilience. Ecosystems, 21(1), 1–12. doi.org/10.1007/s10021-017-0154-8

2017

21. Dakos V, Soler-Toscano F (2017) Measuring complexity to infer changes
in the dynamics of ecological systems under stress. Ecological Complexity
32, 144–155. doi:10.1016/j.ecocom.2016.08.005

22. Lenton TM, Dakos V, Bathiany S, Scheffer M (2017) Observed trends
in the magnitude and persistence of monthly temperature variability.
Scientific Reports. 1–10. doi:10.1038/s41598-017-06382-x

23. van Belzen J, van de Koppel J, Kirwan ML, van der Wal D, Her-
man PMJ, Dakos V, Kefi S, Scheffer M, Guntenspergen GR, Bouma
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In the Earth’s history, periods of relatively stable climate have
often been interrupted by sharp transitions to a contrasting state.
One explanation for such events of abrupt change is that they
happened when the earth system reached a critical tipping point.
However, this remains hard to prove for events in the remote past,
and it is even more difficult to predict if and when we might reach
a tipping point for abrupt climate change in the future. Here, we
analyze eight ancient abrupt climate shifts and show that they
were all preceded by a characteristic slowing down of the fluctu-
ations starting well before the actual shift. Such slowing down,
measured as increased autocorrelation, can be mathematically
shown to be a hallmark of tipping points. Therefore, our results
imply independent empirical evidence for the idea that past abrupt
shifts were associated with the passing of critical thresholds.
Because the mechanism causing slowing down is fundamentally
inherent to tipping points, it follows that our way to detect
slowing down might be used as a universal early warning signal for
upcoming catastrophic change. Because tipping points in ecosys-
tems and other complex systems are notoriously hard to predict in
other ways, this is a promising perspective.

catastrophic shifts � critical slowing down � autocorrelation �
alternative stable states � tipping point

The relative constancy of the climate over the past 10,000 years
is exceptional in view of the large variability found in

reconstructions of almost all periods before. Particularly note-
worthy in the records of past climate dynamics are occasional
sharp transitions from one state to another. Such transitions
happened at various time scales (1). For instance, �34 million
years ago the earth changed suddenly from the tropical state in
which it had been for hundreds of millions of years to a state with
ice caps, a shift known as the greenhouse–icehouse transition (2,
3) (Fig. 1A). A prominent feature of the climate cycles that
followed is the abrupt termination of most glacial periods (4)
(Fig. 1 C, E, G, and I). Zooming in on a finer time scale shows
that there are sharp shifts too. A well known example is the
Younger Dryas period, when, just after the recovery from the
last glacial maximum, the climate at Greenland relapsed to very
cold conditions for many centuries and then suddenly jumped
back to a �10° warmer state (5) (Fig. 1M). An even more recent
abrupt climate shift is the sudden shift of North Africa from a
savanna-like state with scattered lakes to a desert state �5,000
years ago (6) (Fig. 1O).

Proposed explanations for these and other examples of abrupt
climate change usually invoke the existence of thresholds in
external conditions where the climate system is particularly
sensitive, or even has a tipping point (7), similar to that of a canoe
where one leans over too much to one side. In models such
tipping points correspond to bifurcations (8) where, at a critical
value of a control parameter, an attractor becomes unstable,
leading to a shift to an alternative attractor. The underlying
mechanism causing such extreme sensitivity at particular thresh-
olds is typically a positive feedback. The earth system is noto-
riously riddled with such positive feedbacks (9–11). Unfortu-
nately, the explanations for abrupt climatic change in the past

remain rather hypothetical because they are difficult to test.
Even if the proposed mechanisms seem plausible, our capacity
to model these systems accurately is too limited to conclude with
reasonable certainty that tipping points are involved. This is
particularly worrisome in view of the possibility of hitting on a
tipping point as current climate change proceeds. Although most
climate scientists would acknowledge that possibility, we are
simply unable to predict if and when future climate change might
bring us to a critical threshold (1). Even though climate models
are rapidly improving, the chances that we will soon be able to
predict potential tipping points with sufficient accuracy seem
negligible. A similar situation exists in ecology where the exis-
tence of thresholds for catastrophic shifts has been shown for a
range of systems (12), but prediction of such shifts has remained
elusive.

In the face of our limited mechanistic insight it would be
invaluable to have another way to find out whether past abrupt
climate change was related to the crossing of critical thresholds,
and to know whether parts of our current climate system may be
approaching such a threshold. A possible clue that we explore
here is to use the theoretical finding that, as a rule, dynamical
systems become ‘‘slow’’ when a critical point is approached as
conditions are gradually changing. In technical terms, the mech-
anism is that the maximum real part of the eigenvalues of the
Jacobian matrix tends to zero as a bifurcation point is ap-
proached (13). As a result the dynamical system becomes
increasingly slow in recovering from small perturbations (13–15).

Although an ideal way to test whether a system is slowing down
(15) would be to study its response to small experimental
perturbations, this is obviously of little use for analyzing past
climate change. An alternative is to interpret f luctuations in the
state of a system as its responds to natural perturbations. Slowing
down should then simply be reflected as a decrease in the rates
of change in the system, and therefore, as an increase in the
short-term autocorrelation in the time series (16). Various
authors have elaborated methods to detect slowing down asso-
ciated with a shift in model-generated time series of the thermo-
haline circulation (17–19). Kleinen et al. (17) analyzed spectral
properties, and Held and Kleinen (18) focused on autocorrela-
tion as a statistic to detect slowing down before the transition.
Livina and Lenton (19) suggested an approach inspired by a
technique for detecting long-term memory in a time series.
Despite the interest in this field, so far, no significant signs of
slowing down before a shift have been shown on real data.
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Here, we analyze the change in autocorrelation in time series
of eight ancient events of abrupt climate change reconstructed
from geological records (Fig. 1; see Methods) to examine

whether the climate system slows down when a critical threshold
is approached. Because we are interested in the possibility of
using such information as an early warning signal, we used only
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Fig. 1. Eight reconstructed time series of abrupt climate shifts in the past. (A) The end of the greenhouse Earth, (M) the end of the Younger Dryas, (K) the
Bølling-Alleröd transition, (O) thedesertificationofNorthAfrica, (I) theendofthe lastglaciation,and(G,E, andF) theendsofearlierglaciations. Inall cases thedynamics
of the system slow down before the transition, as revealed by an increasing trend in autocorrelation (B, D, F, H, J, L, N, and P). The gray bands identify transition phases.
The arrows mark the width of the moving window used to compute slowness. The smooth gray line through the time series is the Gaussian kernel function used to
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data from before the actual transition (Fig. 1, shaded bands) to
scan for slowing down. Details of the time series and the
identification of the period before the shift can be found in Table
S1. Techniques of data processing are described in Methods.

Results and Discussion
Evidence for Critical Slowing Down. In all examples of abrupt
climate change we analyzed, autocorrelation showed an increase
in the period before the shift (Fig. 1 B, D, F, H, J, L, N, and P),
suggesting that these climate systems did indeed slow down
before the abrupt change, as expected theoretically for systems
approaching a tipping point. All of the trends were significant as
measured by the Kendall rank correlation coefficient �, but the
strength of the correlation varied among cases. There was a
marked increase in slowing down before the end of the green-
house Earth (Fig. 1B), the end of the Younger Dryas (Fig. 1N),
and the end of glaciation I (Fig. 1J). Autocorrelation moderately
increased before the end of glaciation IV, glaciation III, and the
desertification of North Africa (Fig. 1 D, F, and P), whereas the
end of the Bølling-Alleröd (Fig. 1L) and the end of glaciation II
(Fig. 1H) showed weak signs of slowing down. We explored the
likelihood that our method would find such results by chance,
that is, without an underlying critical slowing down causing the
pattern, by studying the occurrence of trends in computer-
generated surrogate time series (see Methods). The approach
was to generate large numbers of randomized time series with
characteristics similar to the analyzed stretches of climate series
before episodes of abrupt change, and see in how many cases our
analysis would find an increase in autocorrelation by chance.
These analyses (see SI Text, Table S2, and Fig. S3) indicated that
the probability of finding the increase in autocorrelation de-
tected in the data by chance is very low for the three transitions
that showed the strongest slowing down (end of greenhouse
Earth, end of Younger Dryas, and end of glaciation I). These
records have the most detailed data (all �450 data points). The
other time series are much less detailed (all �150 data points),
and our surrogate data analyses suggest higher probabilities of
finding the observed trends by chance in those cases. The lower
number of points in some of the series obviously makes the
results less reliable, not only because of the small number of
points per se, but also because the resolution can be insufficient
to capture the short-term autocorrelation. This is especially so in
the case of the desertification of North Africa, where the points
are spaced almost a century apart, which may well be too short
to capture the interactive dynamics of vegetation and monsoon
supposed to drive the dynamics. The scarcity of points in the
record (Np � 30 before the transition) results in residuals of
alternating positive and negative values and in estimates of the
autoregressive coefficient �1 that show a negative autocorrela-
tion (Fig. 1P).

To weigh the combined uncertainties, and look at the overall
picture, we computed the probability of finding the complete set
of P values by chance, by using Fisher’s combined probability
approach. This combined probability appears to be very small
(P � 0.003) irrespective of the approach taken to generate
surrogate data (Table S2).

Robustness of Results to the Choice of Methods. The results obvi-
ously depend on choices made in the data processing (see
Methods). Two important parameters are the bandwidth used in
the function for filtering and the size of the sliding window used
to compute the autocorrelation. We performed an extensive
analysis of the sensitivity of outcomes to the choice of these
parameters for our three longest time series. The results indicate
that the observed increase in autocorrelation before the climate
shifts is a rather robust outcome. Actually, this analysis shows
that we could have obtained more significant trends by tailoring
these parameters for the specific series (Fig. S4). We also

explored whether interpolation used to generate equidistant
data for the time series analyses might have caused spurious
trends in autocorrelation (SI Text, Fig. S1, Fig. S2). Estimates of
autocorrelation on the noninterpolated data gave approximately
similar results (Table S3) (see also SI Text).

Comparison to Model Results. Approaching the problem from a
different angle, to check whether the theoretically predicted
critical slowing down may indeed be expected to be visible from
autoregressive coefficients in climate data, we also used our
methods to analyze simulation results from climate models that
were slowly driven across a known threshold (Fig. 2). The models
deal with three quite different systems: the North African
paleo-monsoon system, the thermo-haline circulation, and the
earth temperature as affected by the ice-albedo feedback. Model
details and references are given in Methods and in the SI Text.
In all cases our indicator picked up an increase in slowness,
comparable to that found in the geological records. Also, the
results of bootstrap analyses and sensitivity analyses applied to
model results are comparable to those from our climate datasets
(Fig. S3, Fig. S4, Table S2). This lends further support to the idea
that the patterns detected in the data do indeed correspond to
critical slowing down as predicted by the theory.

Perspectives. It may seem rather surprising that all cases of sharp
climate shifts we analyzed were announced well before they
happened by changes in the pattern of fluctuations. Indeed, our
bootstrap analysis shows that approximately half of the positive
trends in autocorrelation may well have arisen by chance (the
desertification of North Africa, the Bølling-Alleröd transition
and the end of glaciations II and III). Nonetheless, our analyses
also show that the combined probability of finding these trends
is extremely low. Furthermore, the close similarity to what can
be shown in climate models suggests that the patterns in the data
may indeed represent the slowing down of a system approaching
a tipping point.

Our results have profound implications for climate science. So
far, support for the idea that tipping points can be the explana-
tion for dramatic climatic shifts in the past has been based on
models of specific mechanisms. Although compelling cases have
been built, there is always considerable uncertainty because it is
simply very difficult to prove what had been the mechanism
behind such events in the far past. The slowing down that our
analysis suggests does not point to any specific mechanism.
Rather, it is a universal property of systems approaching a
tipping point. Therefore, it represents an independent line of
evidence, complementing model-based approaches, suggesting
that tipping points exist in the climate system. Clearly, this is an
important insight because it implies that, in principle, internal
feedback can propel the climate system through an episode of
rapid change once a critical threshold is reached.

Obviously, detection of critical slowing down has two faces. In
hindsight it may help to tease out whether past dynamics may be
explained by the existence of critical thresholds. With respect to
predicting future climate change, it may give us an indication of
whether we are entering a situation in which the parts of the
earth system may amplify rather than buffer human-induced
climate change. Clearly, there are challenges and limitations.
Long time series of sufficient quality are needed, and resolution
needs to be sufficient to capture the characteristic time scale of
the internal dynamics of the system. Similarly, good detrending
is challenging but critically important, because unfiltered trends
may lead to patterns in autocorrelation that are not related to the
system’s dynamical response to perturbations we wish to probe.
An important fundamental limitation we should keep in mind is
that slowing down will only occur if the system is moving
gradually toward a threshold. Therefore, transitions caused by a
sudden large disturbance without a preceding gradual loss of
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resilience will not be announced by slowing down. Certainly,
current trends in atmospheric carbon are rather fast compared
with the dynamics of ice caps and ocean heat contents, and
fluctuations of such variables may therefore not show detectable
slowing down on century scales. By contrast, slowing down could
possibly be detected in faster subsystems that might have tipping
points such as regional atmospheric circulation patterns. In view
of our current inability to predict potential abrupt climate shifts
(1), having slowing down as a clue for detecting whether such
parts of the climate system may be approaching a threshold is a
marked step forward in projecting future climatic changes.

Putting our results in an even wider perspective, it is important
that slowing down is a universal property of systems approaching
a tipping point. This implies that our techniques might in
principle be used to construct operational early warning systems
for critical transitions in a wider range of complex systems where
tipping points are suspected to exist, ranging from disease
dynamics and physiology to social and ecological systems.

Methods
Data Sources. We used examples of climatic transitions that have been widely
interpreted as significant shifts in the climate record and for which underlying
positive feedback has been suggested as mechanistic explanation. We have not
preselected the examples on the basis of preliminary results from our own
analyses. The time series used represent climate data proxies derived from dif-
ferent sources. All were downloaded from the World Data Center for Paleocli-
matology, National Geophysical Data Center, Boulder, Colorado (http://
www.ncdc.noaa.gov/paleo/data.html). The terrigenous dust record was accessed
from the Lamont Doherty Earth Observatory Institute of Columbia University,
New York (http://www.ldeo.columbia.edu/�peter/Resources/data.html). Full de-
tails on the data records used are given in Table S1.

Data Selection. We used only points in the record that correspond to the period
before the transition (Table S1). The exact transition points were determined
by eye and all were approximately equal to those cited in the original articles
where the records appeared. We have chosen the transition points conserva-
tively, in the sense that we avoided including points that were part of the
transition itself. This is important, because, due to increased serial correlation,
inclusion of such points would bias the estimate of our slowing-down indica-
tor. In a few cases, double values for the same date occurred in the original
files. Those were averaged to provide a single value for each chronology.

Interpolation. We used linear interpolation to transform the climate records to
time series with equidistant data. This allows us to use the time series analysis
approaches suggested earlier for detecting slowing down (17, 18, 20) on real
reconstructed climate records.

Detrending. To filter out long trends and to achieve stationarity we subtracted
a Gaussian kernel smoothing function from the data and used the remaining
residuals for the estimation of the autoregressive coefficient at lag 1. We
chose a bandwidth in such a way that we do not overfit while still removing
the long-term trends visible in the records. The same treatment was applied
also to the simulated time series and the original records without interpolated
points (see Table S3). Fig. S2 shows the interpolated, filtered time series and
the resulting residual time series of Fig. 1 A, M, and I for visual inspection.

Autocorrelation. The autocorrelation at lag 1 was computed by fitting an
autoregressive model of order 1 (AR1 model of the form xt � 1 � �1xt � �t, by
an ordinary least-squares (OLS) fitting method) applied on the data points
within a sliding window of fixed size up to the transition point. In each case
we took a sliding window of half the size of the interpolated time series. We
tested for evidence of slowing down by estimating the nonparametric Kendal
rank-correlation � statistic on the estimates of the autoregressive coefficients
�1 (details in SI Text).

Model-Generated Time Series. We used a stochastic 1D energy balance climate
model forced by relative incoming radiation to simulate data of ocean tem-
perature that reflect a transition to an icehouse earth (21) (Fig. 2A). The
thermo-haline circulation dynamics is generated by the CLIMBER-2 climate
model of intermediate complexity (Fig. 2C). The data series on desertification
in Western North Africa (Fig. 2E) was produced by using a stochastic version
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Fig. 2. Three simulated abrupt climate transitions. Transition to an icehouse
Earth (A), collapse of the thermo-haline circulation (C), and desertification of
North Africa (E) (see SI Text for details on simulations). As in the reconstructed
real dynamics, the transition is preceded by slowing down as revealed by
increased autocorrelation (B, D, and F). The gray bands identify the transition
phases. The arrows mark the width of the sliding window used to compute
slowness. The smooth gray line through the time series is the Gaussian kernel
function used to filter out slow trends. All models pass a fold bifurcation F as
a control parameter is slowly changing (relative radiation, freshwater forcing,
and insolation, respectively). In the case of the ocean circulation and deserti-
fication model (C and E), there are also alternative attractors present implying
hysteresis (dashed line), if the change in the control variable would be re-
versed on the shift. Points F1 and F2 are saddle-node bifurcation points.
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of the climate box model (22) forced by reconstructed solar irradiance and
atmospheric CO2 concentration. See SI Text for the model details.

Surrogate Data. For each time series we tested the likelihood of obtaining our
computed trend statistics (Kendall’s � rank correlation) by chance by using
1,000 surrogate time series of the same length as the filtered simulated and
real data in three different ways. First, we bootstrapped our datasets by
shuffling the original residual time series and picking data with replacement
to generate surrogate records of similar distribution (mean and variance).
Second, we produced a surrogate time series that had the same Fourier
spectrum and amplitudes as the original sets (23). Last, we created surrogate
datasets produced by an autoregressive model of order 1 with the same
variance, mean and autocorrelation at lag 1 with the residuals time series

starting from the same initial value as in the original series (23). For each
surrogate set, we computed the trend detection statistic. We then calculated
the probability that our estimates of the trend statistic would be observed by
chance as the fraction of the 1,000 surrogate series scoring the same value or
a higher one. The probability distributions for the model and data trend
statistic as well as details on how we produced the surrogate sets are summa-
rized in Table S2 and Fig. S3.
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SI Text
Derivation of Model-Simulated Data. Our simulated data presented
in Fig. 2 come from three climate models of different complexity.

(i) We used a simple one-dimensional climate model (1, 2) to
simulate a transition from a greenhouse to an icehouse Earth
(Fig. 2A). The model has temperature, T, as the only state
variable that represents the average temperature of an ocean on
a spherical planet subjected to radiative heating (2) according to
the equation:

dT
dt

�
1
c� � ��T4 �

1
4

�I0bT �
1
4

�I0�1 � a��
with ap � a � bT [S1]

where � is effective emissivity, � is relative intensity of solar
radiation, I0 is solar irradiance, c is a constant thermal inertia,
and ap is the planetary albedo. Parameters a and b define a linear
feedback between ice and albedo variability and temperature. In
this simple climate system, there is one internal equilibrium of
nonglacial conditions, which, when I0 drops below a certain
threshold, there is a runaway effect to ice climate through a fold
bifurcation.

We extended the deterministic skeleton of the model by
including a stochastic term following the general form of a
stochastic differential equation:

dx � f�x,��dt � ��x�dW, [S2]

where x is the state variable, f is the deterministic part of the
model that depends on the control parameter �, and � scales the
amount of noise that is introduced in the model with dW, a
Wiener process. In this climate model, we used as control
parameter the relative radiation �. We produced a time series by
decreasing the control parameter � linearly with time from 1 to
0.9524, allowing a transition from a warm to a cold climate. We
used � equal to 0.003 (applied multiplicatively on the state
variable) and all of the rest of the parameter values as they
appear in ref. 2. We changed the original time scale of the model
(� 1 sec) by rescaling time with a factor of � � 20 � 106 (new
time scale � 0.6342 years). Simulations were performed in
MATLAB v.7.1.0246 by using an Euler–Murayama method to
solve the stochastic equation with Ito calculus.

(ii) The thermo-haline circulation model simulation presented
here is produced from the CLIMBER-2 model (3, 4), which is a
coupled climate model of intermediate complexity. The ocean
component originates from the module by Wright and Stocker
(5). A freshwater forcing at 44° northern latitude is applied; the
average forcing is superimposed with a Gaussian white noise
time series. The 50,000 years transient run sees a linear increase
in atmospheric CO2 from 280 ppm to 800 ppm, implying an
increased average freshwater forcing.

(iii) The deterministic climate model of the desertification of
North Africa (Fig. 2C) (6) was extended by accounting for the
synoptic component wsyn of vertical velocity w at the top of the
planetary boundary layer:

w � wm � wh � wsyn

wsyn �
KT

H0
� kts

wmax�0,TL � Tcr�

TL
0 � Tcr

� ksl
wTL � TB

TL
0 � TB

0� �1 � 	�0,�w��

[S3]

and the synoptic component Usyn of the Hadley circulation
potential U:

U � U0 � Usyn

U syn � k syn
U U0� 1 �

TL � TB

TL
0 � TB

0 	�0,�U�� [S4]

which allows for the contribution from the synoptic-scale ba-
roclinic and barotropic atmospheric eddies with characteristic
time scales from 2 to 10 days. wm is the vertical velocity in the
mean monsoon circulation and wh is the vertical velocity asso-
ciated with the mean Hadley circulation, U0 is the mean Hadley
circulation potential, TB and TL are surface air temperature at
the southern box boundary and over land, respectively, TB

0 and
TL

0 are their reference values, KT is a vertical macroeddy diffusion
coefficient in the free troposphere, H0 is a scale height for the
atmospheric density, 	(0, �w) and 	(0, �U) are normally distrib-
uted stochastic variables with zero mean and variances �w and
�U, respectively, and kts

w, ksl
w and ksyn

U are model parameters that
reflect partial contributions from the corresponding physical
processes.

The terms
KT

H0
kts

wmax�0,TL � Tcr�

TL
0 � Tcr

�1 � 	�0,�w�� and

KT

H0
ksl

wTL � TB

TL
0 � TB

0 �1 � 	�0,�w�� in Eq. S3 describe the compo-

nents of the synoptic-scale vertical velocity perturbation attrib-
uted to tropical storms and squall lines, respectively. These
parameterizations assume that tropical storms form when the
temperature exceeds a critical threshold Tcr [assumed to be 26°C
(7)], whereas the squall lines are mainly generated because of the
lower troposphere wind shear in the African Easterly Jet asso-
ciated with a temperature gradient TL � TB between Sahara and
the Gulf of Guinea (8). Parameters kts

w and ksl
w were assigned 0.2

and 0.8, respectively, which reflects partial contributions to the
synoptic-scale variability from the tropical storms and squall
lines based on the empirical data (9, 10). The value of the
variance �w was assigned 0.1 (11).

The synoptic term of the Hadley circulation potential (Eq. S4)
includes a contribution from the synoptic variability, ksyn

U U0, due
to the synoptic-scale perturbations of the zonally averaged wind,
and from the term associated with the local f luctuations of the
Hadley circulation, which is assumed to be proportional to the

local horizontal temperature gradient, k syn
U U0

TL � TB

TL
0 � TB

0 	�0,�U� .

Parameters ksyn
U and �U were set equal to 0.05 and 0.1, respec-

tively, based on empirical data (11).

Derivation of Paleoclimate Proxy Data. Because we were interested
in measuring slowing down before the transition, we restricted
our analysis to the period just before the transition in both
simulated and proxy records. The exact parts of the original time
series that we selected for our analysis, together with the size of
the original record and data sources, are presented in supporting
information (SI) Table S1. Because the exact selection of the
part of the record is critical for the outcome of our analysis, we
were careful to avoid points that were part of the transition.
Because of increased serial correlation as the transition trend
begins, including such points would bias the estimate of the
AR(1) coefficient.
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Data Analyses: Interpolation, Detrending, and Estimation of Autocor-
relation at Lag 1. We applied the same analyses both to the
simulated data and the real paleoclimate proxy records. Because
the available paleoclimate data were of unequal density, we used
linear interpolation to make our records equidistant (Table S3).
However, as indicated in the main text, interpolation can create
spurious trends in autocorrelation. A positive trend in autocor-
relation could occur as an artifact of interpolation if the density
of points would decrease toward the shift (and, hence, the role
of interpolation would increase). Therefore, we checked the
evolution of the time intervals in the original records and
compared them with the equidistant time intervals of the
interpolated records (Fig. S1). In general, the time intervals of
the interpolated datasets were rather similar to the time intervals
in the original time series close to the transition. Only in Fig. S1a
(the end of greenhouse Earth), did the time between subsequent
data points decrease toward the shift. However, this happened
at the very end, and can therefore not be responsible for the
long-term increasing autocorrelation trend detected. In any case,
as shown in the next section, we analyzed the sensitivity of our
results to interpolation systematically for all time series.

We removed slow trends in the original records by applying a
Gaussian kernel smoothing function [based on the Nadaraya–
Watson kernel regression estimate (12)] over the interpolated
record before the transition and subtracted it from the interpo-
lated record to obtain the residual time series (Fig. S2). The
choice of the size of the bandwidth is important in this process.
We picked bandwidths such that we do not overfit our data but
yet filter out the slower trends in the records.

In ref. 13 changes in power spectra were used as an indicator
for the proximity to thresholds, tested in a 1D model of the
thermohaline circulation of the North Atlantic. The spectrum is
equivalent to the full autocorrelation function. Here, according
to ref. 14, the spatial dynamics become degenerate at the
transition, leading to the observation of the critical mode in
arbitrary generic 1D time series. By assuming time-scale sepa-
ration at the bifurcation, we can use only the first entry of the
autocorrelation function, that is, the lag-1 information; in that
sense, the current method is more parsimonious. To calculate the
autocorrelation at lag 1, which is an estimator of the slowing
down of the system (15), we fitted an autoregressive model of
order 1 (AR1) on data that are included within a sliding window
of half the size of the record before the transition. The AR1
ansatz (14) is of the form xt � 1 � 
1xt � �t, fitted by an ordinary
least-squares method (OLS) with Gaussian random error �t.
Note that we calculated no intercept, because we are fitting the
AR1 model on the detrended residuals with mean zero. Al-
though there have been modifications to the AR1 ansatz (16)
where the authors used detrended fluctuation analysis (DFA),
we used the degenerate fingerprinting approach (14) because of
its most direct relation to generic bifurcations and straightfor-
ward applicability.

Finally, to determine the evolution of the AR1 estimates
before the transition we used the nonparametric Kendall � rank
correlation coefficient to check against the null hypothesis of
randomness for a sequence of measurements against time (17).

All analyses were implemented in MATLAB v7.1.0246 (Math-
works) and in Rv2.4.1 (R project for Statistical Computing).
Specifically, we used (i) for the linear interpolation, the function
interp1 (MATLAB); (ii) for the detrending of the records, the
function ksmooth (R); (iii) for the estimates of the autoregressive
coefficients, the function ar.ols (R); and (iv) for the calculation
of the trend statistic, the function cor.test (R) for the Kendall �
correlation statistics together with the P values (two-tailed with

 � 0.05).

Effect of Interpolating on the Results. We also explored the esti-
mates of our trend statistic on the original records without

interpolating missing values. Obviously, working with non-
equidistant data violates the basic assumptions behind time
series analysis. However, we pursued it only as an extra check on
the robustness of our results. Thus, we treated the original time
series as equidistant, we removed the slow trends (using the same
bandwidth for the Gaussian filter as we did in their interpolated
counterparts), and we estimated the autoregressive coefficients
at lag 1 within a sliding window of half the size of the time series.
In all eight cases, our positive trend from the interpolated
records are similar to those from the original time series (Table
S3). In all cases the trend statistic was of the same order of
magnitude, and although there were three cases where interpo-
lated records yielded a stronger increase in the AR(1) coefficient
than the noninterpolated ones (end of greenhouse Earth, end of
Younger Dryas, and end of glaciation II), there were three other
cases where the opposite was observed (end of glaciation I, III,
and Bølling–Alleröd) and one in which there was no real
difference (glaciation IV).

Analysis of Surrogate Time Series. To test for the likelihood of
obtaining estimates of trend statistics by randomness, we created
surrogate time series by three different ways.

(i) We bootstrapped our datasets by reshuffling the order of
the detrended original time series and by picking data with
replacement to generate surrogate records of similar probability
distribution (mean and variance) (18) (H0 1).

(ii) We produced surrogate time series with the same auto-
correlations and the same probability distribution as the data, to
test against the H0 hypothesis that our datasets are a realization
of a Gaussian linear stochastic process (19, 20) (H0 2). We did
this by replicating data of the same Fourier spectrum and
amplitudes as of the original set using the MATLAB function
generate�iAAFT (21).

(iii) To test against the H0 hypothesis that the data are
produced by a colored-noise process with similar variance, mean,
and autocorrelation at lag 1 with the original detrended time
series (22) (H0 3), we generated surrogate sets by an AR1 model
xt � 1 � 
1xt � 
0 � ��t, where 
1 � A(1), �2 � v(1 � 
1

2), 
0 �
�(1 � 
1), with v the variance, � the mean, A(1) the autocor-
relation at lag 1 from the residual time series (estimated by using
function acf as implemented in R), and � a scaling factor for the
Gaussian random error �t.

We estimated the probability that our estimates of the trend
statistic would be observed by chance as the fraction of the 1,000
surrogate series scoring the same value or a higher one. Specif-
ically for the Kendall �, we estimated this probability as the
number of cases in which the statistic was equal to or higher than
the estimate of the original record, P(� � �*). We also estimated
the combined probability for observing the trend statistic esti-
mate in each the H0 hypotheses test by chance. For this, we used
the Fisher’s combined probability test (23) to estimate the X2

statistic, given by:

X2k
2 � � 2�

i�1

k

ln�pi� [S5]

where k is the amount of tests (here, k � 8) and P is the
probability estimated for each H0 hypotheses test (Table S2). The
combined probability for the X2 statistic was given by a 2

distribution with 2k degrees of freedom.
The probability estimates for the model and data trend

statistic under the three different H0 hypotheses are shown in
Table S2. The probability of, by chance, acquiring a similar trend
estimate as in the original record differs from case to case. In the
case of the models, the probabilities were consistently very low
(P � 0.05). Similarly low probabilities were estimated in the
records of the transitions of the greenhouse Earth, the Younger
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Dryas and the glaciation I (Fig. S3). In the shorter time series the
probabilities of finding the observed trends by chance is much
higher. Nonetheless the combined probability of finding positive
trends in all eight data series is obviously very low (lower row
Table S2).

Robustness Against Choice of Window Size and Filtering Resolution.
The results of our analyses are obviously influenced by the
standard deviation (defined by bandwidth size) used in the
kernel function for filtering and the size of the sliding window
used to compute autocorrelation. In the latter there is a trade-off
between time resolution and reliability of the estimate. Smaller

windows allow one to track short-term changes in autocorrela-
tion. However, the small number of data points in the window
makes the estimate of autocorrelation less reliable. The filtering
poses another trade-off. A too-wide filter does not remove slow
trends that may lead to spurious autocorrelation. Especially, at
the ends of the time series the deviation becomes obvious if a
too-wide kernel size is used. A too-narrow filter removes the
short-term fluctuations that we intend to study for signs of
slowing down. A systematic sensitivity analysis for our three
longest time series and the model results indicate that the results
are quite robust, and that actually we could have obtained more
significant trends by tuning the parameters for the specific series
(Fig. S4).
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Fig. S1. Plots of time intervals and interpolated data. (a, c, e, g, i, k, and m) Plots of time intervals over proximity to the transition in the original records shown
in the main text (Fig. 1). Time intervals are estimated in time units of years by differencing the times at which the data were dated. Smaller time intervals indicate
increased density of points. In all cases, except from a, the time intervals close to the transitions in the original records are of similar magnitude to the time interval
of the interpolated datasets (compare with Table S3). (b, d, f, h, j, l, and n) Plots of the interpolated data (red points) superimposed on the original records (blue
points).
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Fig. S3. Probability distributions of the estimated trend statistic (Kendall’s �) of the ranked order test, under three alternative H0 hypotheses for a set of 1,000
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Fig. S4. Contour plots show the effect of the width of the sliding window and the width of the kernal filter on the observed trend in autocorrelation for the
climate original data and simulated results shown in the main text as measured by the Kendall’s �. Stars indicate the parameter choice used in the analyses
presented in the text. We visually inspected the fit of the kernel filter line to the data and demarcated where the kernel width becomes too large to follow the
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Table S1. Paleoclimate records together with their origin, the proxy measured, the approximate range, and transition threshold used
in the analyses, as well as the dataset citation and the original reference of the record

Paleo record Origin Climate proxy (units)
Time range,

yrs BP
Time of

transition N Dataset
Original

reference

End of greenhouse Earth ODP tropical Pacific core 1218 CaCO3 (%) (39–32) � 106 34 �106 482 * 24
Bølling-Alleröd transition GISP2 ice core Temperature (°C) 21,000–14,600 15,000 147 † 25
End of Younger Dryas Cariaco basin core PL07–58PC Grayscale (0–255) 12,500–11,200 11,600 2652 ‡ 26
Desertification of North Africa ODP Hole 658C Terrigenous dust (%) 8,300–4,800 7,500 40 § 27
End of glaciation I Vostok ice core d2H (%) 58,800–12,000 17,000 591 ¶ 28
End of glaciation II Vostok ice core d2H (%) 151,000–128,000 135,000 258 ¶ 28
End of glaciation III Vostok ice core d2H (%) 270,000–238,000 242,000 149 ¶ 28
End of glaciation IV Vostok ice core d2H (%) 385,300–324,600 334,100 126 ¶ 28

*Tripati A, et al. (2005). Eocene Greenhouse-Icehouse Transition Carbon Cycle Data. IGBP PAGES/World Data Center for Paleoclimatology Data Contribution
Series no. 2005-056. NOAA/NGDC Paleoclimatology Program, Boulder CO.

†Alley R (2004) GISP2 Ice Core Temperature and Accumulation Data. IGBP PAGES/World .Data Center for Paleoclimatology Data Contribution Series no. 2004-013.
NOAA/NGDC Paleoclimatology Program, Boulder CO.

‡Hughen K, et al. (2000) Cariaco Basin 2000 Deglacial 14C and Grey Scale Data, IGBP PAGES/World Data Center A for Paleoclimatology Data Contribution Series
no. 2000-069.NOAA/NGDC Paleoclimatology Program, Boulder CO.

§deMenocal PB, et al. (2001) Holocene Variations in Subtropical Atlantic SST. IGBP PAGES/World Data Center A for Paleoclimatology Data Contribution Series
no 2001-054. NOAA/NGDC Paleoclimatology Program, Boulder CO.

¶Petit JR, et al. (2001) Vostok Ice Core Data for 420,000 Years, IGBP PAGES/World Data Center for Paleoclimatology Data Contribution Series no. 2001-076.
NOAA/NGDC Paleoclimatology Program, Boulder CO.
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Table S2. Probability of acquiring the estimated values for the trend statistic (Kendall’s �) of
the original and simulated residual time series under three alternative H0 hypotheses for a set
of 1,000 surrogate time series

(N � 1000 surrogate sets) H0 1 H0 2 H0 3

Original record (residuals) Kendall � Kendall � Kendall �

End of greenhouse Earth 0.014** 0.004** 0.011**
End of Younger Dryas 0.086* 0.03** 0.055*
End of glaciation I 0.013** 0.011** 0.021**
Bølling–Alleröd transition 0.367 0.340 0.332
End of glaciation II 0.402 0.397 0.386
End of glaciation III 0.247 0.235 0.234
End of glaciation IV 0.186 0.043** 0.125
Desertification of North Africa 0.140 0.165 0.091*
Fisher’s combined probability 0.002847 0.000206 0.001278

Simulated record (residuals)
Energy balance climate model �10�4** 0.002** �10�4**
Saharan vegetation model 0.002** 0.001** 0.006**
Ocean circulation model 0.003** �10�4** �10�4**

Under H0 1, datasets are generated after bootstrapping, under H0 2 new data sets are produced with similar
distribution and Fourier spectra as the residual time series, and under H0 3 the surrogate time series have been
produced from a autoregressive model with similar autocorrelation at lag 1, mean, and variance as in the residual
records. *, P� 0.1. **, P � 0.05. In italics, the combined probability for obtaining the estimated probabilities for
each hypothesis is provided.
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Table S3. Summary of trend statistic for the original (noninterpolated) and interpolated paleo
records, and their probabilities (P)

Record
N points original/

interpolated
Bandwidth

size
Original K �

(P)
Interpolated K �

(P)

End of greenhouse Earth 461/462 25 0.5 (�10�4) 0.83 (�10�4)
End of Younger Dryas 2,110/2,111 100 0.34 (�10�4) 0.69 (�10�4)
End of glaciation I 512/513 25 0.85 (�10�4) 0.8 (�10�4)
Bølling–Alleröd transition 131/132 25 0.37 (�10�4) 0.27 (0.001)
End of glaciation II 149/150 25 0.08 (0.31) 0.17 (0.27)
End of glaciation III 121/122 10 0.67 (�10�4) 0.43 (�10�4)
End of glaciation IV 99/100 50 0.51 (�10�4) 0.52 (�10�4)
Desertification of North Africa 88/88* 10 0.58 (0.001) 0.58 (0.001)

*In the case of the desertification of North Africa the original data were already interpolated.
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In the vicinity of tipping points—or more precisely bifurcation points—

ecosystems recover slowly from small perturbations. Such slowness may be

interpreted as a sign of low resilience in the sense that the ecosystem could

easily be tipped through a critical transition into a contrasting state. Indicators

of this phenomenon of ‘critical slowing down (CSD)’ include a rise in temporal

correlation and variance. Such indicators of CSD can provide an early warning

signal of a nearby tipping point. Or, they may offer a possibility to rank reefs,

lakes or other ecosystems according to their resilience. The fact that CSD may

happen across a wide range of complex ecosystems close to tipping points

implies a powerful generality. However, indicators of CSD are not manifested

in all cases where regime shifts occur. This is because not all regime shifts are

associated with tipping points. Here, we review the exploding literature about

this issue to provide guidance on what to expect and what not to expect when

it comes to the CSD-based early warning signals for critical transitions.

1. Introduction
Real world systems occasionally undergo substantial changes triggered by just

small disturbances [1]. The onset of an epidemic, the spread of a forest fire or

the sudden eutrophication of a lake are examples of such unexpected behaviour.

In the marine world similar cases abound. Early work on sessile fouling commu-

nities [2] and on simple food webs of rocky intertidal areas [3] demonstrated that

disturbances might lead to alternative endpoint communities. Subsequent studies

suggested a similar potential of shifting between alternative states (or ‘regimes’)

also in coral reefs [4,5], kelp forests [6,7], macroalgae beds [8], fish populations

[9–11], and even whole pelagic and benthic communities [12–16].

Despite the rich advances in the understanding of the mechanisms behind

marine regime shifts [17–19], our ability to predict them remains poor. In recent

years, this challenge has gained importance as it is unclear how marine ecosys-

tems will respond to current trends in climate patterns and anthropogenic

pressures. Interestingly enough, this situation is not unique to the marine

world; it holds for a whole range of ecosystems that have experienced regime

shifts in the past or may do so in the future.

A novel approach for tackling this challenge is the recently developed early

warning signals for critical transitions [20]. Critical transitions are defined as

abrupt qualitative changes in the state of an ecosystem that occur close to bifurcation

points [21]. Below we offer a more rigorous description of a critical transition.

Most early warning signals are temporal and spatial statistical signatures of the

phenomenon of critical slowing down (CSD) that arises in the vicinity of bifur-

cations [22–24]. CSD can be interpreted as an indication of low resilience in the

sense that the ecosystem could easily be tipped into a contrasting state. Indicators

of CSD have been demonstrated in a variety of systems, ranging from yeast and

zooplankton populations close to extinction [25,26] and collapsing phytoplankton

& 2014 The Author(s) Published by the Royal Society. All rights reserved.
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monocultures [27], to eutrophication transitions [28] and trophic

cascades in whole lakes [29].

Nevertheless, despite the strong theoretical underpinning

and the growing list of empirical demonstrations, studies

have also shown that CSD-based indicators are not a panacea

for anticipating all types of regime shifts. Estimating such

indicators in empirical data from drylands prone to desertifi-

cation did not yield expected patterns [30]. In marine

ecosystems, despite some indirectly derived positive results

[31–33], indicators of CSD largely failed to detect known

regime shifts [34].

At first read these stories may appear contradictory, rais-

ing scepticism whether CSD indicators are coincidental or

idiosyncratic, and, thus, may have only limited value for

management purposes. Our attempt here is to help to avoid

potential misconceptions and misuses by offering possible

explanations to this conundrum. In particular, we suggest

that application and identification of CSD indicators are

limited by at least three constraints

— Conceptual. CSD detection depends to a great extent on

whether the regime shift in question is a critical transition

and whether this transition is gradually approached. The

ability to unequivocally identify an approaching regime

shift is conditional on the underlying mechanism that

drives the shift. If such conditions are not met, misunder-

standings and misuses of CSD indicators may arise.

— Operational. Operationalizing CSD identification crucially

depends on the temporal and spatial scales of the ecosys-

tem in question and our ability to monitor key variables.

Highly variable environments, or insufficient monitoring

protocols, reduce the ability for monitoring the right

variables at the right scale.

— Methodological. Just like any other quantitative analysis, the

sensitivity and significance of CSD indicators largely

depend on the quality and quantity of the data as well as

the underlying assumptions of the various statistical tools

employed ([35–37], www.early-warning-signals.org).

Here, we focus on the conceptual and operational con-

straints by showcasing examples derived from a generic

model that undergoes regime shifts. We identify key limit-

ations to detection and propose an alternative way of

interpreting and using CSD indicators. Our approach is

mainly theoretical, but we highlight case studies where poss-

ible. Although we focus on temporal CSD indicators in a

marine context, our conclusions apply to both temporal and

spatial indicators for a wide range of ecosystems.

2. The basics: critical transitions and indicators of
critical slowing down as early warning signals

We define critical transitions as abrupt qualitative changes in

the state of an ecosystem that occur close to bifurcation

points [21]. Mathematically, critical transitions are associated

with bifurcation points. At a bifurcation, the current ecosystem

state becomes unstable and the system jumps to an alternative

(usually radically different) state. Here, we look at local bifur-

cations with eigenvalues that smoothly diminish to zero, like

a saddle-node, transcritical or a Hopf bifurcation. The reason

why we can anticipate a critical transition in advance lies in

the fact that prior to a bifurcation point small disturbances

around the current ecosystem state take longer to dissipate

due to CSD [38]. The early warning signals we are treating

here are indirect manifestations of CSD and we will explicitly

address them as CSD indicators throughout the text. Increased

variance and correlation are CSD indicators and can be used to

estimate ecosystem resilience (box 1).

3. Not all regime shifts are announced by critical
slowing down indicators

CSD indicators are a promising tool because of their generic

character [20]. Therefore, it is tempting to think that before

any regime shift, one could measure a metric as simple as var-

iance fingerprinting the upcoming event. Although a lot of

regime shifts appear as critical transitions, the fact is that not

all regime shifts are associated with a bifurcation [1,18,39].

Thus not all regime shifts are expected to exhibit CSD. There

is a plethora of mechanisms to explain a regime shift that

may not necessarily involve crossing a bifurcation [40]. For

instance, abrupt changes in patterns of environmental drivers,

like the Pacific Decadal Oscillation variability, may have

caused big changes in North Pacific fisheries [13], although

similar shifts could also have been incurred by slowly drifting

(‘correlated’) climatic conditions alternating between extremes,

or just stochastic events [41–43]. Such variability may have

pushed plankton species in and out of their growth optima

that shows up as a regime shift on the community level [44].

More likely, the majority of marine regime shifts documented

in the North Atlantic [12] or the Baltic Sea [14] is driven by a

combination of processes involving slowly changing environ-

mental and anthropogenic pressures, climatic events and

complex internal biological processes [18]. Clearly, not all

regime shifts independent of their underlying mechanism

will exhibit rising variance and autocorrelation.

Below we present six simple mechanisms that may trigger

regime shifts of which some exhibit CSD and others not

(table 1; see electronic supplementary material for model

details). In all cases, we consider that the ecosystem state

may shift between alternative stable states and do not treat

cases where ecosystem dynamics involve shifts between irre-

gular aperiodic dynamics that have been shown not to be

preceded by CSD [45].

(a) Slow environmental change towards a tipping point
This is the basic case where an environmental driver slowly

pushes the ecosystem towards the threshold at which the

regime shift takes place [1]. The shift is permanent meaning

that recovery to the previous state is possible only by restoring

environmental conditions. In the presence of weak environ-

mental stochasticity, the ecosystem shifts almost at the

threshold and exhibits CSD expressed as an increase in variance

and autocorrelation prior to the regime shift (figure 1a).

(b) Slow – fast cyclic transitions
Some systems have intrinsic cycles caused by the interaction

between fast and slow variables. Such cycles tend to have rela-

tively abrupt transitions but although these can be loosely

attributed to tipping points, the alternative ‘states’ in such

cycles are not stable. Instead, each time the ecosystem shifts,

a negative feedback starts to operate ‘moving’ environmental

conditions backwards till a shift to the previous state takes

rstb.royalsocietypublishing.org
Phil.Trans.R.Soc.B

370:20130263

2

 on November 24, 2014http://rstb.royalsocietypublishing.org/Downloaded from 

Tirés à part



place [46]. Thus, such a scenario causes a sequence of abrupt

swings between the two states, as observed for instance in

cyclic shifts between a vegetated and a barren state in lakes

[47], in repeated outbreaks of forest pests [48], or the whelk–

lobster alternate states in marine benthic communities [49].

Even though there are no formal bifurcation points within

such cycles, indicators of CSD may be observed in the

dynamics of the fast variable prior to the shifts (figure 1b).

(c) Stochastic resonance
Swinging between alternative states can also result from a com-

bination of stochastic perturbations and a periodic change in

environmental conditions. Periodic change causes the ecosys-

tem to approach (but not cross) the tipping points while

stochastic disturbances can cause swings between the two

alternative states due to stochastic resonance [50]. Stochastic

resonance is hypothesized to explain glaciation events in the

Earth’s climate past [51]. It is conceivable that in the marine

environment, cyclic trends in climatic conditions, such as the

decadal North Atlantic Oscillation, might have facilitated

abrupt shifts in fish populations triggered by perturbations.

Depending on the rate of the processes and the amplitude of

stochastic forcing, it may be difficult to observe increase in var-

iance and autocorrelation prior to the regime shift (figure 1c).

(d) Noise-induced transitions
Noise-induced transitions are another case of regime shifts that

are unlikely to be announced by CSD indicators (figure 1d ).

In this case, a tipping point is neither crossed nor approached,

but simply strong external disturbances induce the shift to

the alternative state, a phenomenon termed as noise-induced

flickering [52].

(e) Long transient upon extreme events
In some cases, external disturbances are exceptionally strong. As

a result, an ecosystem may be pushed far away from its present

Box 1. The relationship between resilience, CSD and early warnings.

Ecological resilience (ecR) depends on the distance to the border of the unstable manifold in state space (ds) and on the dis-

tance to the critical threshold (dp) in parameter space [ecR ¼ f (ds,dp)] (a). We can approximate ds as the distance to the border

of the attraction basin and dp as the height h of the attraction basin to the alternative state (b,c). Recovery rate (recR) (or engin-

eering resilience) depends on the slope of the basin of attraction, which is defined by ds and dp [recR ¼ dp/ds]. This slope can

be approximated by the eigenvalue jlj which determines the stability of the current equilibrium of the system [recR;jlj].
CSD occurs as the system approaches the threshold, dp becomes smaller, recovery rate decreases and ecological resilience

declines. Although ecological resilience is not approximated completely by jlj, CSD indicates the progressive shrinking of

the basin of attraction of the current state. Moreover, the dynamics of the monitored ecosystem differ radically far from

and close to the threshold; both variance and autocorrelation increase (d,e).
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state but without necessarily being trapped to an alternative

state. For instance a hypoxia event or a pathogen outbreak

may wipe out almost completely a fish population, but that

population may rebound. Although in the short term, this

change would appear as a regime shift, in reality it is only an

extreme event. In that case, no CSD can be detected (figure 1e).

( f ) Big stepwise changes in external conditions
Big stepwise changes sometimes occur in environmental con-

ditions. If these changes are permanent, the ecosystem will

move to a new state. Regardless of whether this state may be

an alternative attractor or not [53], there is no reason to

expect any signs of CSD prior to the regime shift (figure 1f ).
Although the above mechanisms are fundamentally differ-

ent, from a pragmatic point of view, such differences may not

be all too relevant as there is typically a combination of

mechanisms acting at the same time. It is the relative role of sto-

chastic shocks and change in environmental drivers that will

determine the nature of the regime shift and our ability to

detect it. The bottom line is that for some combinations of

mechanisms—e.g. a noise-induced transition while slowly

drifting to a threshold (case 1 and 3 above) [28,52,54]—we

may still detect CSD indicators, whereas for other situations

early detection will be unlikely. Viewing this from another

side, presence or absence of CSD may help determine the

type of mechanism responsible for the regime shift.

4. Critical slowing down indicators are not only
detected in bistable ecosystems

While some transitions cannot be announced by CSD indi-

cators (figure 2a), there are also transitions that do exhibit
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Figure 1. (a – f ) Six different mechanisms can lead to regime shifts with or without crossing a tipping point. Based on the mechanism, early warnings may or may
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CSD but without switching to an alternative stable state

[20,23,55]. For instance, an ecosystem may have a strongly

nonlinear response to environmental change without shifting

to an alternative state (figure 2b), or a population may gradu-

ally go extinct through a transcritical bifurcation (figure 2c).

In both cases, CSD and its derived indicators will be detected

(figure 2b,c(ii) ). Therefore, the proposed indicators do not

always indicate bistability. This is true not only for the

CSD-related indicators, but also for indicators derived from

spatial patterns [56,57]. Scheffer & Carpenter [58] have pro-

posed that patterns such as hysteresis in the response to a

control variable, or the emergence of bimodality in the fre-

quency distribution of states in time or space (e.g. due to

‘flickering’) can be interpreted as signals of bistability.

Novel approaches, such as potential analysis, may be used

to assess bistability [59,60].

5. Critical slowing down indicators are not
forecasting tools per se

In theory, exactly at the critical transition, autocorrelation

reaches unity and variance blows up to infinity. Therefore,

the difference between the current indicator values and the

expected ones at the transition should quantify how close

the ecosystem is to shifting and this distance can be used

for forecasting a transition [38]. This would be true only if

the transition occurred exactly at the bifurcation. In a stochas-

tic environment, however, transitions usually occur before

the actual bifurcation. Therefore, one-time measurements

of CSD indicators have limited forecasting value. Instead,

there is more forecasting value in their relative estimates.

Once a baseline indicator value is established, then a consist-

ent deviating trend from the baseline could indicate whether

a transition is lurking. Nonetheless, even when sequences of

indicator values are available, trends may still be noisy, diffi-

cult to interpret, and thus lacking the confidence needed to

initiate management action [35] (figure 3). Despite the fact

that this is an obstacle to the application of early warnings,

recent advances in significance testing [35,36,61], model-

based approaches [35,62,63] and combinations of spatial and

temporal indicators [25,29,64] offer promising alternatives in

identifying a nearby transition.
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Table 1. Six mechanisms that can produce regime shifts with or without
crossing tipping points, and the potential of identifying CSD-based indicators
in advance.

mechanism

crossing a
tipping
point

CSD indicators

variance autocorrelation

slowly changing

driver to

tipping point

þ þ þ

slow – fast cyclic

transition

2 þ þ

stochastic

resonance

2 þ/2 þ/2

noise-induced

transition

2 þ/2 þ/2

long transient

upon extreme

events

2 2 2

big stepwise

changes in

drivers

2 2 2

rstb.royalsocietypublishing.org
Phil.Trans.R.Soc.B

370:20130263

5

 on November 24, 2014http://rstb.royalsocietypublishing.org/Downloaded from 

232 Tirés à part



6. Critical slowing down indicator detection is
sensitive to false alarms

Even under the ideal case of a well-defined bistable ecosys-

tem, a rise in variance and autocorrelation may be triggered

by factors other than approaching a critical transition. The

most common sources of false alarms are changes in the sto-

chastic regime of perturbations rather than the actual

dynamics [20,65]. For example, an increase in the magnitude

of environmental stochasticity (like extreme events, or stron-

ger climatic fluctuations) will cause any ecosystem response

to appear more variable. As a result variance will rise, but

autocorrelation should remain constant (electronic sup-

plementary material, figure S1b,c). However, positive trends

in both variance and autocorrelation can be observed when

there is some memory in the temporal evolution of environ-

mental shocks, like temperatures fluctuating around high

values during hot periods (electronic supplementary

material, figure S1d,e). In such cases, CSD indicators would

just reflect changes in the patterns of stochasticity rather

than an approaching critical transition.

7. Critical slowing down indicators may fail to
announce a true transition: no alarms

While a false alarm can be a burden in terms of the costs it may

incur, the absence of an alarm prior to a transition can be really

disastrous. Thus, it is important to acknowledge that there is a

high chance that there will be no early warning trend even if the

likelihood for a transition increases. Conditions under which

no alarms may occur include:

— large process error: the magnitude of environmental shocks

may overshadow CSD. Simulations with large correlated

noise have shown that indicators perform poorly when

estimated from sparsely sampled time series [66].

— large observation error: imprecise observations make it

difficult to discern CSD indicators [67].

— multiple noise effects: when environmental stochasticity acts

both on ecosystem state (e.g. by removing biomass) and

ecosystem processes (e.g. by changing growth rates)

ecosystem dynamics may be amplified or dampened.

Such multiple effects may result in distorted patterns in

variance and autocorrelation prior to a transition [65,68].

— rapid approach to the critical transition: if the system is

approaching fast the critical threshold, there may not be

time for CSD indicators to be detected [66,69].

— muffling: if there are multiple thresholds approached (as

may well be the case), ecosystem responses may be

muffled rendering CSD indicators difficult to detect [70].

— higher order terms neglected in linearizations may not

damp off as expected and will interfere with CSD [68].

— fluctuating environments: periodically fluctuating (e.g. sea-

sonal) patterns either in underlying conditions or external

perturbations may mute the fingerprint of CSD on the

indicators [67].

— measuring the wrong variable: despite the fact that CSD is

assumed to affect a system as awhole different ecosystem vari-

ables are not all equally sensitive in exhibiting CSD [71–73].

— non-local bifurcations: certain kinds of critical transitions that

involve non-local bifurcations, such as basin-boundary

collisions, will not demonstrate CSD indicators [20,45].

— non-stationary conditions: if prior to environmental change,

the ecosystem is not in equilibrium, early warning detection

operational constraints

is there evidence of:
alternative states? bimodality? positive feedbacks?

not applicable

slowly changing driver

no

high stochasticity strong external driver change extreme event(s)

data
(time series, spatial datasets)

low resolution,
inappropriate scale,
short records,
high observational error

long, continuous time series multiple cases,
controls

mechanism for regime shift

early detection resilience mapping

appropriate methods,
methodological constraints

conceptual constraints

yes

Figure 3. A map of conceptual, operational and methodological considerations when applying CSD indicators for the detection of critical transitions and resilience
mapping. Light green colours indicate cases where early detection is less likely. (Online version in colour.)
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may be challenging unless there is adequate baseline data

or a reference for calibration [25].

— interference with spatial processes: spatial interactions in the

form of disturbance, irregular movement of key species,

underlying spatial heterogeneity, or dispersal may influence

CSD indicators [23,56].

— too-infrequent observations or too short a time series:

variance can be estimated more precisely as observations

become more frequent, while autocorrelation is estimated

more precisely as the time span of the observations

increases [36,37,68]. Ecological datasets are usually

idiosyncratic, of relatively short length and low resolution,

with a lot of discontinuities, while mismatches between

the time scale of ecosystem processes and data sampling

all hinder the identification of CSD. Datasets of species

abundances, like the global population dynamical

database (http://www3.imperial.ac.uk/cpb/research/

patternsandprocesses/gpdd), or global fisheries catch

data RAM (http://ramlegacy.marinebiodiversity.ca/

ram-legacy-stock-assessment-database), may not always

meet our theoretical expectations on identifying CSD

indicators.

8. Prospects
Despite limitations in the application of CSD indicators as

early warnings (figure 3), the growing number of successful

empirical examples highlights their potential. Nonetheless, we

still need to come up with innovative tools, take advantage of

multiple sources of information, design novel monitoring pro-

grams based on new technologies, and most importantly,

understand for which ecosystems or fields of research in general

these approaches may prove most promising for application.

(a) Integrating mechanism-based approaches and
critical slowing down indicators

Limitations of CSD indicators may sometimes be overcome

by interpreting trends with the aid of site-specific ecosystem

models. There are cases where appropriate structural models

exist or can be determined by fitting models to the data.

These approaches have the advantage of statistical inference

about the underlying ecosystem dynamics, although they

also require good datasets. On the other hand, parametric

and non-parametric models with parsimoniously general

assumptions have been proposed as possible alternatives

[35,54,62,63]. Such model-based approaches combined with

the plethora of metric-based CSD-based early warnings for

both temporal and spatial data can enable experimentation

on multiple approaches for successfully detecting regime

shifts [36].

(b) Novel monitoring of data and experimentation
Despite mismatches between theoretical requirements and

available data, high-frequency measurements have become

routine in recent years offering novel opportunities especially

for the marine environment [74]. Remote sensing approaches

can provide data on algal groups at high frequency and large

spatial scales [75]. Combining such temporal long-term data

with spatial information derived from aerial photographs or

satellite images can create new opportunities for deriving

spatio-temporal signatures of ecosystem dynamics especially

in environments that are difficult to sample [60]. Combi-

nation of direct ecosystem measurements with other proxies

or other potential drivers (e.g. fishing effort) may help

develop multivariate indices and navigate away from false

positives or unclear signals. Undoubtedly, the most informa-

tive way in achieving these goals is experimentation.

Enclosures or parallel experiments in lakes [29] pave the way

for the development of new monitoring schemes suitable for

the detection of CSD indicators in the field.

(c) Identifying best-candidate ecosystems for estimating
critical slowing down indicators

The feasibility of detecting CSD will greatly depend on the

scale (temporal and spatial), controllability and boundaries of

the ecosystem under study. Ecosystems with fast time scales

simply offer better possibilities to collect data and tend to be

more suitable for manipulation and experimentation. For

instance, measuring CSD in perturbation experiments of

plankton in a chemostat [27] will yield better results than con-

ducting the same experiments in coral reefs, or in an oceanic

community. In addition, the uniqueness of large-scale

ecosystems makes the estimation of CSD indicators more diffi-

cult compared with ecosystems for which we have many

‘replicates’ (e.g. lakes, or rock intertidal pools). ‘Closed’ ecosys-

tems with defined boundaries (e.g. lakes) are better candidates

to study than ‘open’ ecosystems (e.g. oceans). Indeed, the

majority of well-documented examples of marine regime

shifts are constrained within physical boundaries, like the

‘closed’ Baltic Sea and Black Sea, or focused on less mobile

communities where dispersal processes are less important,

like benthic communities (e.g. [5,76]) or communities of the

intertidal zone (e.g. [33]). Taking into account such properties

can help to apply CSD indicators for the right system and at

the right scale.

(d) From anticipating critical transitions to mapping
resilience

CSD is not only an ambitious tool for detecting critical tran-

sitions in advance. It can be used in hindsight to assess

whether past dynamics may be explained by the existence

of critical thresholds [77]. Empirical studies are so far

restricted to hindsight application with different levels of suc-

cess, in which cases the a priori knowledge of a regime shift

may introduce bias towards detecting CSD indicators [78].

Owing to the limited value of CSD indicators as forecasting

tools yet, it is perhaps more meaningful to adapt these

metrics as indicators of ecosystem resilience (box 1). If we

want to compare, for instance, the resilience of two similar

clear shallow lakes, differences in recovery rate after small

perturbations are likely to be informative [23]. Likewise we

can compare changes in the recovery rate at different points

in time to assess trends in resilience. These types of metrics

can be derived from fish populations or coral reefs given

that they share similar features and are situated in the same

geographical area. Although such types of comparisons

may be challenging, we may still get an approximate estimate

of resilience that can help prioritize management. In the end,

we may create ‘resilience maps’ and rather than speculate

over the proximity to a potential threshold, we can rank

situations at a given moment and place.
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9. Can we avoid or promote the unexpected?
No doubt ‘forewarned is forearmed’. However, knowing

the risk of an approaching transition may be a necessary

but not sufficient condition for avoiding it. In most cases,

the indicators are detected only in retrospect or while the

transitions are already unfolding. Even simulation studies

have shown that early warnings may not be early enough

[69,79]. In some ecosystems, increased variability may occur

over a wide range of conditions near a transition, whereas

in other ecosystems the range of increased variability may

be so narrow as to be useless for practical purposes [23].

Nonetheless, CSD indicators have been demonstrated to

effectively detect transitions in well-sampled bistable sys-

tems. All these imply that CSD indicators can be part of the

solution to the sustainable management of ecosystems at

the brink of collapse, but there are still challenges before

reaching their practical application (table 2).

CSD indicators can tell us that ‘something’ important may

be about to happen, but they do not tell us what precisely

that ‘something’ may be and when exactly it will happen.

Thus, next to the warnings, knowledge of the underlying eco-

system behaviour is important to put the signals in the right

context. For this there is no substitute for site-specific knowl-

edge and experiments combined with models. Resilience-

building approaches in management [80] must be mindful

of the risk of surprises that will appear with no warning

even in the best-case scenarios.
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55. Kéfi S, Dakos V, Scheffer M, Van Nes EH, Rietkerk M.
2013 Early warning signals also precede non-
catastrophic transitions. Oikos 122, 641 – 648.
(doi:10.1111/j.1600-0706.2012.20838.x)

56. Dakos V, van Nes EH, Donangelo R, Fort H, Scheffer
M. 2010 Spatial correlation as leading indicator of
catastrophic shifts. Theor. Ecol. 3, 163 – 174. (doi:10.
1007/s12080-009-0060-6)
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Tipping points mark the abrupt shift between contrasting eco-
system states (broadly termed regime shifts) when environ-
mental conditions cross specific thresholds (Box 1). Prominent 

examples are the shift of shallow lakes from a clear to turbid water 
state1 and the collapse of vegetation leading to a desert state in dry-
lands2. Societal stakes associated with tipping points in natural eco-
systems can be high, and there is a large emphasis on uncovering the 
mechanisms that trigger them3 and possible methods to detect and 
avoid them4. Currently, however, tipping point theory largely lacks 
an evolutionary perspective, and this might limit the understanding 
of the occurrence, timing, and abruptness of shifts between states 
(see figure in Box 1). Here we argue that both trait variation and 
evolution are important for understanding how ecosystem dynam-
ics affect tipping points.

Developing a trait-based evolutionary perspective on tipping 
points in ecosystems is warranted by the growing amount of evi-
dence that changes in standing levels of trait variation and contem-
porary trait evolution are important drivers of ecological processes 
(for example, refs. 5,6) by influencing population dynamics7, shaping 
the structure of species interactions in communities8, or affecting 
species composition at the metacommunity level9. Such ecologi-
cal effects of evolution also extend to ecosystem functioning10–12 
by modifying material fluxes13, primary production14, nutrient 
recycling15, and decomposition16. Changes in life-history traits of 
organisms caused by environmental stress (like fishing) have been 
shown to destabilize dynamics of populations17 or whole communi-
ties18, and even to increase the risk of extinction19. Fitness-related 
traits (for example, body size) can systematically change before 
populations collapse20 and can be used as indicators of biologi-
cal transitions21,22. Thus, it is reasonable to expect that changes in 
trait distributions might be important for understanding ecologi-
cal tipping points, as they might affect the variation in sensitivity 
to environmental stress among species, populations, or individuals 
in an ecosystem23,24. This sensitivity underlies the response capac-
ity of communities to stress25,26 such that trait changes could affect  

the resilience of entire ecosystems27 and their probability of tip-
ping to a different state. It is the effect of evolutionary trait changes  
on tipping points at the ecosystem level that we are focusing on in 
this perspective.

Ecosystem resilience can be affected by variation in traits10,11 that 
underlie the performance and fitness of organisms that exist in a 
given environmental state (that is, response traits), or those traits 
through which organisms have direct or indirect effects on the 
environmental state (that is, effect traits) (Table 1). The distribu-
tion of such response and effect traits can vary because of pheno-
typic plasticity, species sorting, and evolutionary trait change, and 
distinguishing between these mechanisms can be important for 
understanding the ecological dynamics of trait change in general28 
and of tipping points in particular. Phenotypic plasticity, whereby a 
genotype exhibits different phenotypes in different environments, is 
a relevant source of trait variation, particularly when the phenotypic 
changes relate to the capacity of organisms to respond to stress. 
However evolutionary responses to stress depend on heritable trait 
variation in a population29, which can originate from novel variants 
due to mutation30, recombination31, and gene flow among popula-
tions and species32. Below, we do not a priori distinguish between 
the genetic versus plastic sources of trait distributions (although we 
comment on their differences), but instead focus on how trait varia-
tion and trait change over time can influence ecosystem tipping 
points in a generic way. We do this using a graphical approach and 
illustrate how trait changes might modify the collapse and recovery 
trajectories of ecosystems along an environmental gradient.

Trait variation could affect the probability of tipping points
Differences in the amount of trait variation within or among popu-
lations could affect their response capacity to stress. In general, we 
predict that a high level of trait variation may decrease the prob-
ability of catastrophic ecosystem responses. A decrease in the prob-
ability of tipping events occurs because standing trait variation 
allows for portfolio effects that introduce strong heterogeneity in 

Ecosystem tipping points in an evolving world
Vasilis Dakos   1*, Blake Matthews   2*, Andrew P. Hendry3, Jonathan Levine4, Nicolas Loeuille5, 
Jon Norberg6, Patrik Nosil7, Marten Scheffer8 and Luc De Meester9

There is growing concern over tipping points arising in ecosystems because of the crossing of environmental thresholds. Tipping 
points lead to abrupt and possibly irreversible shifts between alternative ecosystem states, potentially incurring high societal 
costs. Trait variation in populations is central to the biotic feedbacks that maintain alternative ecosystem states, as they govern 
the responses of populations to environmental change that could stabilize or destabilize ecosystem states. However, we know 
little about how evolutionary changes in trait distributions over time affect the occurrence of tipping points and even less about 
how big-scale ecological shifts reciprocally interact with trait dynamics. We argue that interactions between ecological and 
evolutionary processes should be taken into account in order to understand the balance of feedbacks governing tipping points 
in nature.
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population processes, interactions, and responses33 buffering popu-
lation dynamics34. Such heterogeneity can be enhanced by Jensen’s 
inequality33, whereby variation around the mean of a trait can affect 
the response of an ecological interaction or an ecological process 
as a function of the nonlinear relationship between the trait and  
its effect35. This effect is clearly illustrated in a model of water  
clarity shifts in shallow lakes (see figure in Box 1). Here, changing 
the amount of variation in the macrophyte response trait to turbid-
ity can increase or decrease the probability of the ecosystem reach-
ing a tipping point. Under high levels of variation in the macrophyte 
response traits, the transition from the clear to the turbid water state 
can even become non-catastrophic and the lake no longer exhibits 
bistability (Fig. 1).

Trait change can delay a tipping point
Trait variation simply means that some resistant phenotypes are 
present in a population. However, trait variation could also facili-
tate trait changes. On top of that, trait changes might be fuelled by 
de novo mutation and phenotypic plasticity. In ecosystems that are 
brought closer to tipping points by stress gradients, trait changes 
could potentially delay tipping to the alternative state (Fig. 2a). This 
resonates with the idea of evolutionary rescue36,37, the difference 
being that there is no rescue, but rather only a delay in the collapse 

of the system by shifting the threshold of stress at which the col-
lapse occurs to a higher level (Fig. 2b). For instance, in the case of 
a shallow lake becoming turbid because of eutrophication (Box 1), 
aquatic macrophytes might delay the transition by increasing the 
threshold of nutrients at which the tipping occurs because of con-
temporary trait changes that convey tolerance to shading (Table 1).

Trait change can lead to an earlier tipping point
Trait change may not always buffer populations from environmental 
changes. It can also contribute to an increased risk of ecosystem col-
lapse (Fig. 2c,d). For example, environmental stress could impose 
directional selection on a trait in a given species or a group of spe-
cies that brings the system closer to tipping to an alternative state38,39. 
This is similar to evolutionary collapses or evolutionary suicide as 
defined in evolutionary biology40,41, but here the collapse occurs at 
the scale of a whole ecosystem. Empirical examples of trait evolu-
tion leading to population collapse come mostly from fish popu-
lations subjected to harvesting39,42. For example, researchers have 
shown how fishing pressure has led to early maturation of Atlantic 
cod populations43, which is associated with lower reproductive out-
put and irregular recruitment dynamics that may have increased the 
chance of stochastic extinction and contributed to the cod collapse 
in the 1990s. Evolutionary suicide might lead to an ecosystem-level 

Box 1 | What is a tipping point?

Tipping points mark the shift between contrasting system states 
that occur when external conditions reach thresholds that trig-
ger an accelerating transition to a contrasting new state83. Math-
ematically, these transitions correspond to saddle-node or fold 
bifurcation points84. They are also called catastrophic because 
they mark an unexpected and radical change in the equilibrium 
state of a system. Tipping points can occur at the population  
level (for example, because of Allee effects50) and the commu-
nity level (for example, because of priority effects and competi-
tion85), but it is at the ecosystem scale that tipping points are most 
prominently studied because they can incur long-term disruption  
to vital ecosystem services86. For example, clear lakes become  
turbid and dominated by algal blooms1, coral reefs are overgrown 
by macroalgae87, fisheries collapse owing to overexploitation88, 
and tropical forests shift to savannah-type ecosystems under high 
fire intensity74.

Tipping points are typically observed in systems where 
strong positive feedbacks drive the establishment of alternative 
stable states83. In the case of shallow lakes, dominance of aquatic 
macrophytes prevents the growth of algae by removing nutrients 
(phosphorus) from the water column that leads to the establishment 
of a stable clear water state (see the figure in this box). When 
phosphorus loading exceeds a critical threshold, macrophytes 
cannot successfully retain phosphorus, algae starts to grow, and 
lake turbidity increases. Rising turbidity kicks off a vicious cycle: 
it hinders the growth of macrophytes but facilitates algae growth 
in a self-enforced positive feedback loop (fewer macrophytes → 
more algae → more turbidity → fewer macrophytes, and so on) 
that leads to the collapse of macrophytes and the establishment 
of a contrasting turbid lake state. The same positive feedback loop 
can lead to the recovery of macrophytes, but at a lower critical 
level of phosphorus loading, where algae growth is limited to such 
an extent that turbidity decreases sufficiently for macrophytes 
to grow again, capture the phosphorus, and reinforce a positive 
feedback loop leading back to the clear water state. Between these 
two tipping points, the system is bistable, meaning that it can be 
found in one of the two alternative stable states. This difference 
in conditions that mark the forward and backward shift is called 

hysteresis. The stronger the hysteresis, the more difficult it is to 
recover an ecosystem back to its previous state.
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Tipping points mark discontinuous changes in the state of an ecosystem. 
Starting from the upper branch, the ecosystem follows the stable 
equilibrium line until conditions cross threshold 1, at which the upper stable 
equilibrium disappears (tipping point1) and the ecosystem state drops 
abruptly to the lower (alternative) stable state. In our example of the turbid 
and clear-water states of shallow lakes, reducing nutrient conditions—but 
to a much lower level—leads to the restoration of the previous state at the 
crossing of threshold 2 (tipping point2). The difference in the thresholds 
between the forward and backward tipping points marks the hysteresis 
in the system. For this range of conditions, the ecosystem can be found in 
either of the two alternative stable states (bistability). Along the pathways 
depicted here, no change in the traits of the organisms stabilizing the 
clear-water (macrophytes) or turbid (algae) state is assumed. Black lines 
represent the stable equilibria. The dashed line represents the border 
between the basins of attraction of the two alternative stable states.
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collapse in the case of drylands44, where, under increased aridity, 
adaptive evolution can favour local facilitation among neighbouring 
plants for resisting higher aridity. Whether evolution leads to a buff-
ering effect depends on the seed-dispersal strategy of the dominant 
vegetation type. In systems characterized by long-distance dispersal, 
evolution may actually enhance the collapse of vegetation, resulting 
in a desert state due to the invasion of plant genotypes that do not 
facilitate resistance to aridity in neighbouring plants. In our shal-
low lake example, macrophytes in lakes at intermediate turbidities 
might respond by growing longer stems with fewer leaves in order 
to reach well-lit surface waters and avoid shading. If this, however, 
results in lessened photosynthetic activity and a lowered capacity to 
remove nutrients from the water column, it might reduce the mac-
rophytes’ capacity to outgrow algae and maintain a clear water state.

Trait change can affect the path of recovery
Changes in trait distributions over time may also affect the trajec-
tory of an ecosystem’s recovery to its previous state and the range 
of hysteresis, which is the lag in reaching the threshold of an envi-
ronmental driver at which recovery to the pre-collapsed state 
occurs (Box 1 and Box 2). The most obvious example is the case 
where trait change delays the occurrence of a tipping point (Fig. 3).  
In many cases, this delay will not necessarily result in an equally 
early recovery, which implies that hysteresis in the system will 
increase. This example illustrates how tipping points and hysteresis 
can be affected in opposite ways: if evolution or phenotypic plasti-
city buffers the system against environmental change, this can not 
only delay the reaching of a tipping point but also may result in 
stronger hysteresis.

Another possibility is that evolutionary processes in the dete-
riorated state might cause the collapsed species to lose the genetic 
variation necessary for recovery to, and high fitness in, the alter-
native state45. In a laboratory experiment42, scientists found that 
overharvested fish populations failed to recover even after fishing 
pressure was reduced owing to genetic changes in their life-history 
traits. This may result in a delay in recovery, or no recovery at all. 
The opposite scenario is also possible. Trait changes may accelerate 
recovery and reduce hysteresis (Fig. 3). This may happen if, after 
the collapse, a highly adaptive phenotype is selected for, facilitating 
recovery after only a small reduction of stress. For example, after 
the collapse of a phytoplankton population due to light stress in the 
laboratory, recovery took place earlier than expected because of a 
(probably plastic) adaptive photo-acclimation response46. If a differ-
ent phenotype is selected for after the collapse, or if there is recovery 
of lost phenotypic variation (due to immigration, for example), it 
may even be possible that the recovery pattern becomes non-cata-
strophic (Fig. 3).

In all cases highlighted in the previous paragraphs, it is uncer-
tain whether the ecosystem will actually recover to a state exactly 
the same as that before the collapse (Fig. 3). The degree to which 
complete recovery happens likely depends on the trait that changes. 
Whether trait changes that impact the probability of tipping also 
impact recovery trajectory is an open key question.

Phenotypic plasticity, evolution and tipping points
There are more possibilities for the collapse and recovery paths 
of the ecosystem state than those highlighted here. All depend on 
the mechanisms of phenotypic change, and both theoretical and 

Table 1 | Examples of ecosystem tipping points and potential evolving response and effect traits

Ecosystem Tipping Point organism Environmental driver response trait Ecosystem effects of trait change

Lake shift to turbid state1,70 Macrophytes Nutrient loading Growth, morphology Nutrient retention, shading, 
allelopathy

Zooplankton Toxic algae linked to 
nutrient loading

Detoxification Grazing on algae

Phytoplankton Nutrient loading Growth, nutrient uptake, light 
requirement

Shading, toxicity

Dryland desertification71,72 Shrubs Aridity Water retention Facilitation

Grazing Herbivory resistance Facilitation

Savannah forest/ bush 
encroachment73,74

Trees, shrubs, 
and grasses

Fire Fire resistance Facilitation

Grazing Herbivory resistance Facilitation

Drought Drought resistance Facilitation

Coral reef degradation75,76 Corals Temperature Temperature tolerance Habitat structure

Nutrient loading Growth, colonization rate Habitat structure

Pathogen disease Resistance to pathogens Habitat structure

Salt-marsh mudflat erosion77,78 Marsh grasses Inundation Colonization rate, below sediment 
growth rate

Habitat structure, sediment retention

Intertidal bed degradation79 Seagrass Drought Drought resistance Habitat structure, sediment retention

Wave action Stem morphology Habitat structure, sediment retention, 
oxygenation

Grazing Herbivory resistance Habitat structure, sediment retention

Plant–pollinator community 
collapse80,81

Pollinators Chemical stress Toxic resistance Pollination

Warming Phenology adaptation Pollination

Kelp forest overgrazing82 Kelp Grazing, wave erosion Herbivory resistance, morphology Habitat structure

If these traits can experience phenotypic changes, then they may affect the tipping point responses in any of the ways presented in the text. Response traits are defined as traits that respond to the 
environmental stressor(s) that can invoke a tipping point. Effect traits are defined as traits that may influence an ecosystem function that is linked to a tipping point. In the table, we refer to the effects of 
trait change in general, inclusive of both response and effect traits. Representative references are also provided.
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empirical work are required to understand the most probable out-
comes of tipping point responses that result either from evolution 
or phenotypic plasticity, or from their combined effects, including 
the evolution of phenotypic plasticity. One reason why the distinc-
tion between phenotypic plasticity and evolutionary trait change is 
important is that the rates at which these processes operate tend 
to differ, with phenotypic plasticity generally being faster than evo-
lutionary change. Conversely, phenotypic plasticity is often limited  

in amplitude, and evolutionary trait change might extend the range 
to which tipping points and hysteresis can be impacted. Importantly, 
trait change due to evolution also has an intrinsic impact on the 
population genetic structure, entailing a legacy that may impact 
recovery (for example, a case of genetic erosion or a trait change 
that is adaptive in one stable state but maladaptive in the alternative 
state), whereas trait change mediated by phenotypic plasticity may 
impact tipping points without a legacy effect if that trait change is 
reversible.

Testing how phenotypic change affects tipping point 
response
Integrating evolutionary dynamics in models of ecological  
tipping points. Coupling models on evolutionary dynamics with 
models of ecological bistability can offer a better understanding 
about when genetic trait change can affect tipping point responses. 
The adaptive dynamics framework—which assumes limited muta-
tion and the separation of ecological and evolutionary timescales—
has been used to study how evolution may incur evolutionary 
collapse and suicide38. Under rapid environmental change, a quanti-
tative genetics framework47 is useful for studying how contemporary 
genetic trait change may lead to evolutionary rescue. Both model-
ling frameworks can be adapted for studying how trait changes 
might affect well-understood models of ecological tipping points 
under changing environmental conditions. For instance, one could 
relax the assumption on the separation of ecological and evolution-
ary timescales and the assumption of weak selection of each respec-
tive framework mentioned previously and apply them to models 
with tipping points. Or one could develop hybrid models that can 
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Fig. 1 | Variation in a response trait (such as macrophyte shading 
tolerance) affects the tipping point at which a shallow lake shifts to a 
eutrophic turbid state. a, The intersections of macrophyte and turbidity 
responses (M’ = 0, T’ = 0 nullclines) mark the equilibria of the system for 
two levels of trait variation in the shading tolerance of macrophytes. In 
the absence of variation (σ2 = 0) there are two alternative equilibria (clear 
water and turbid water states, located at the crossings of the solid green 
and brown lines). In the presence of variation (σ2 = 0.75), there is only a 
single equilibrium (clear water state) with no tipping points (at the crossing 
of the dashed green and solid brown lines). b, Changing the level of trait 
variation in shading tolerance will affect the response of a shallow lake to 
environmental stress (turbidity). Under increasing trait variation, hysteresis 
decreases, bistability disappears, and the tipping point response becomes 
a gradual and non-catastrophic response. Although not captured explicitly 
by this simple model, the effect of trait variation on ecosystem response 
could act not only through the existence of resistant individuals (or 
subpopulations of macrophytes), but also on its potential to facilitate trait 
change. Extending similar models like the above along these directions will 
enable scientists to better understand the role of trait change and variation 
on ecological tipping points. Model details and parameters can be found in 
the Supplementary Information.
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Fig. 2 | Hypothetical alterations of trajectories of ecosystem collapse (left 
panels, red solid lines) as a consequence of trait change (right panels, 
red dashed lines). a,b, Contemporary adaptive mean trait change delays 
the threshold at which the tipping point occurs (δE), which is potentially 
associated with a cost that decreases the equilibrium ecosystem state. 
c,d, Adaptive mean trait changes might in the short term increase the 
equilibrium ecosystem state while at the same time also induce an early 
collapse. In a and c, black and grey lines represent the two alternative 
states of the reference model with no phenotypic change, and grey dashed 
lines mark the unstable boundary between the two states. Circles denote 
tipping points. In b and d, the dashed black line is the reference scenario 
with no trait change.
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simultaneously account for selection gradients and the genetic drift 
and demographic stochasticity that dominate the recovery trajec-
tory of the collapsed state. We can then combine these models with 
recently developed methods that measure the relative impact of 
evolutionary versus ecological dynamics on stability48 to understand 
when and how evolutionary dynamics can affect the probability of 
tipping responses.

Such modelling approaches can help to (1) compare how differ-
ent mechanisms of trait change (genetic versus plastic) could affect 
tipping point responses, (2) identify the conditions (for example, 
rate and pattern of environmental stress, rate of trait evolution, and 
costs and trade-offs) under which trait evolution will modify col-
lapse and recovery trajectories, and even (3) test when trait change 
itself could be so abrupt (owing to disruptive selection) that it could 
cause an ecosystem tipping point to occur. In this manner, research-
ers could develop novel methods to detect tipping points based on 
changes in ecological and trait dynamics (Box 3) and suggest new 
designs for experimental testing.

Adding evolutionary contrasts to experimental tests of ecological 
tipping points. There are two common approaches for experimen-
tally testing tipping point theory. The first approach starts by estab-
lishing two alternative states of the system on either side of a tipping 
point and then testing how the system responds to pulse perturba-
tions of a state variable. For example, if there is evidence for a posi-
tive feedback (Box 1) in two states with a different dominant species 
in each community, then the outcome of species dominance might 

strongly depend on the initial density of all species in the commu-
nity (that is, priority effects)49. The second approach starts with the 
system in one state and then applies a change in environmental con-
ditions (for example, increasing productivity, increasing mortality) 
to observe when the system transitions to a new state50–52. To test 
for hysteresis in the system, the environmental condition can then 
be reversed while system recovery to the initial state is tracked46,53.

Independently manipulating evolutionary and ecological com-
ponents of a system can provide new insights into how the dynam-
ics of trait change can affect tipping points. Several experiments 
have been designed to study the interplay between ecological and 
evolutionary dynamics8,9,54,55, and these could be usefully co-opted 
to experimentally test predictions from tipping point theory. A key 
challenge in these experiments will be to identify and measure the 
variation of relevant traits, like the ones that we highlight in Table 1.  
Clearly, selection of traits to study and monitor should start with an 
understanding of the specifics of the study system and the mecha-
nisms underlying the tipping points. Although it is challenging to 
quantify selection gradients in natural populations, useful estimates 
can be obtained from a wide range of traits (for example, body 
size and condition) underlying individual performance56. In one 
study of a tipping point induced in the laboratory with freshwater 
cyanobacteria46, light level was manipulated to test for hysteresis 
associated with transitions between a high and low biomass state. 
Contrary to predictions from an ecological model, the popula-
tion recovered from a higher light stress faster than expected. In 
the experiment, the recovering cells had lower pigment concentra-
tions, possibly reflecting adaptation to high irradiance conditions 
at a cost of photosynthetic efficiency at lower light irradiance. This 

Box 2 | glossary

•	 Alternative stable states: contrasting states that a system may 
converge to under the same external conditions

•	 Bistability: the presence of two alternative stable states under 
the same conditions

•	 Catastrophic bifurcation: a substantial change in the quali-
tative state of a system at a threshold in a parameter or  
condition

•	 Contemporary (or rapid) evolution: evolutionary changes 
that occur rapidly enough to have an impact on ecological 
dynamics at the same timescale as other ecological factors

•	 Eco-evolutionary dynamics: dynamics in which ecological 
processes influence evolutionary processes and evolutionary 
processes influence ecological processes

•	 Effect trait: a measurable feature of an organism that under-
lies that organism’s direct effect on an ecosystem function

•	 Genetic drift: changes in allele frequencies due to random 
sampling during reproduction

•	 Hysteresis: the lack of reversibility after a catastrophic bifur-
cation, meaning that when conditions change in the opposite 
direction, the system stays in the alternative state unless it 
reaches another bifurcation point (different than the one that 
caused the first shift)

•	 Phenotypic plasticity: the ability of individual genotypes to 
produce different phenotypes in different environmental 
conditions

•	 Response trait: a measurable feature of an organism that 
underlies an organism’s response to environmental change

•	 Tipping point: the point following a perturbation at which a 
self-propagated change can eventually cause a system to shift 
to a qualitatively different state

•	 Trait variation: variability of any morphological, physio-
logical, or behavioural feature

•	 Trait evolution: genetic change in phenotype of a given trait
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Fig. 3 | Potential consequences of trait change on the recovery  
trajectories of an ecosystem after collapse. Starting from a high value of 
environmental stress (E), if stress is progressively reduced, the ecosystem 
recovers to the pre-collapse state at the tipping point following the black 
solid line (no phenotypic change trajectory). In the presence of phenotypic 
changes, recovery may be delayed or occur earlier (green dashed lines). 
This implies that phenotypic changes affect the range of hysteresis and  
the ease of recovery. In both cases, it is unclear whether the ecosystem  
shifts back to exactly the same state as before the collapse. It may even  
be possible that the collapse has allowed the emergence of a different 
(new) phenotype that could turn the recovery path non-catastrophic 
(continous smooth green dashed line). Solid lines represent the two 
alternative states of the reference model with no phenotypic change, and 
grey dashed lines mark the unstable boundary between the two states. 
Circles denote tipping points.
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suggests that the presence of trait variation (that is, pigment pro-
duction) in the population influenced the nature of the transition 
between the two states. A useful experimental test of this idea would 
be manipulating standing levels of genetic variation in the stressed 
population and assessing how a tipping response changes. Adding 
such evolutionary contrasts to ecological experiments would be a 
fruitful way to test how both trait variation and evolution may affect 
tipping points. In experimental systems, it is possible to isolate the 
effects of density and diversity (ecological effects) from the effects of 
heritable trait change (evolutionary effects). Specifically, one might 
be able to differentiate among purely ecological effects, direct evo-
lutionary effects linked to changes in functional effect traits, and 
density-mediated indirect evolutionary effects linked to changes in 
functional response traits48.

closing the loop
Reciprocal interactions between ecological and evolutionary 
dynamics is an old idea (for example, refs. 57,58) that is increasingly 
being tested across a range of systems and study questions (for 
example, refs. 12,59). Here, we focused on the potential implications 
that heritable trait changes can have for ecological tipping points. 
The next step is to understand how reciprocal feedbacks between 
ecological tipping points and evolutionary dynamics might radi-
cally alter not only the dynamics of ecosystems close to tipping,  
but also the evolution of populations and communities in these  
ecosystems. Tipping points between contrasting ecosystem states 
create different selection regimes that can shape the evolution of 
focal species (like keystone or ecosystem-engineer species) and,  
in turn, the dynamics of the ecosystem state they belong to60.  
One possibility is that such selection regimes will be asymmet-
ric, leading to evolutionary reversals, for example in body sizes 
in grazed populations61, or they could maintain the recurrence of 
harmful algal blooms in lakes62.

Testing these ideas remains an unsolved challenge. It will be 
important to identify under which conditions (for example, the type 
of environmental stress, the type of response/effect trait, the level of 

genetic variation, plasticity, and spatial and temporal scales) trait 
change would modify tipping point responses. Under high rates 
of environmental change, trait changes may be too slow63 to have 
effects on ecological dynamics. Yet traits of organisms with short 
generation times or with high levels of standing genetic polymor-
phism would most likely be the best candidate traits to change, but 
it is unclear how the speed of evolutionary change will be affected 
by the level of selective pressure prior to and past a tipping point. It 
might be that trait changes that may impact ecosystem collapse are 
very different compared with the ones that impact recovery trajec-
tories. Figuring out such relationships will help researchers study 
the type of eco-evolutionary feedbacks that could develop along  
the collapse and recovery trajectories of ecosystems with tip-
ping points. Ultimately, one might even address the question of  
whether ecological bistability can lead to bistability in trait val-
ues that has relevant implications in the process of speciation and  
species divergence.

Perhaps the biggest challenge is how to experimentally study the 
effects of trait change in ecosystems with tipping points. Most theo-
retical work on eco-evolutionary dynamics has been experimentally 
corroborated in laboratory experiments using organisms with short 
generation times7. Similarly, ecological tipping points have been 
mostly studied in experimental microcosms at the population level 
with single species50,51, neglecting how synergistic effects across spe-
cies can incur strong selection on trait changes64. Ecosystem-scale 
tipping points are harder to experimentally test (but see ref. 65), 
and simultaneous information on trait variation of the organisms 
involved is rarely available. Yet, we can identify excellent candidate 
traits for study. For instance, light sensitivity of submerged macro-
phytes66 is an important response trait in models of shifts to a tur-
bid state in lakes67, whereas the effect of macrophytes on nutrient 
concentrations68 might be governed by rates of nutrient uptake69. 
If scientists could start measuring such traits to get an idea of their 
variation, then they could start unravelling how sustaining trait 
variation may be important not only for preventing collapse, but 
also for improving the success of ecological restoration. Despite 

Box 3 | | Detecting tipping points based on the dynamics of ecosystem state and traits

Ecological tipping points are difficult to detect. However, theory 
suggests that subtle changes in the dynamics of an ecosystem state 
can provide early-warning information on the underlying stabil-
ity and risk of a tipping response89. This risk is typically quanti-
fied by indicators of resilience based on critical slowing down90 
and include an increase in recovery time back to equilibrium af-
ter a perturbation, a rise in variance as the state of the ecosystem 
fluctuates more widely around its equilibrium, and an increase in 
autocorrelation because the state of the ecosystem more closely 
resembles its previous state near a tipping point. These indica-
tors have been empirically tested in laboratory experiments50,51 
and in the field65,77, with a focus on the dynamics of the ecosystem 
state (species cover, biomass or abundance) while neglecting any 
trait changes. Accounting for trait change creates new challenges 
but also opportunities in the detection of tipping points. On one 
hand, although slowing-down indicators should be expected —at 
least on the basis of ecological dynamics—at the edge of tipping 
points41, it is unclear whether trait changes would either weaken 
or nullify these signals. On the other hand, changes in traits them-
selves could be used as proxies for upcoming transitions21. Early 
studies on fishing-induced evolutionary changes suggested that 
variation in maturation schedules of cod could have been used to 
detect collapse of the population43, or that shifts in the mean age-
at-maturation of overfished populations could be an indicator of 
their loss of stability (in terms of population variability)17. Recent 

work demonstrates how indicators based on both abundance and 
trait dynamics could complement each other to improve tipping 
point detection21,22. For instance, measuring changes in mean and 
variance in body size in combination with resilience indicators 
based on species abundance improved the warning of collapse 
in an experimental system with protist populations20. Theoretical 
work demonstrates that the possibility of being able to use fitness-
related trait changes as indicators will depend on the rate of envi-
ronmental change, the level of genetic variation, and the strength 
of plasticity91. Other work found no strong early-warnings in 
populations experiencing rapid environmental change leading to 
extinction92. These works suggest that the dynamics of phenotypic 
changes will most likely be context-dependent. The next step is to 
test these predictions in more complex models of ecosystem-wide 
tipping points. Future work would need to assess whether changes 
in response and effect traits could be used as signals of impending 
transitions. The reported traits in Table 1 map potential traits that 
could be monitored to provide a proxy for the risk of a transition. 
Changes in traits like growth forms of macrophytes (density of 
leaves and length of stems) could be used as proxies of shading tol-
erance to indicate loss of resilience in shallow lakes. Alternatively, 
changes in the defence traits of vegetation to herbivores could be 
signals of vulnerability to overexploitation in dryland landscapes. 
Overall, the goal is to understand what pattern of trait changes to 
expect depending on the type of mechanism and stress involved.
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the challenging task, the evolutionary perspective we advocate  
can improve our understanding and management of ecosystems 
under stress.
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A B S T R A C T

Temporal dynamics in ecological variables are usually assessed using linear trends or smoothing methods. Those
trends qualitatively summarise the increase or decrease in the variable of interest over a given time period. Yet,
linear trends do not capture changes in the direction or in the rate of change of indices such as population
trajectories, that may typically occur when conditions improve or worsen following conservation actions or
environmental disturbances. In a similar way, non-linear methods while aiming to fully characterise population
trajectories, fail to end up with a standard classification. Here, we propose and test a simple method to classify
the trajectory of a given ecological variable according to its trend and acceleration. Our method is based on
fitting a second order polynomial that is used to describe a trajectory according to its direction, velocity, and
curvature (accelerated or decelerated). We apply this method to the temporal dynamics of bird populations
monitored by the French Breeding Bird Survey as a case study. Using data for more than 100 species monitored
from 1989 to 2017 in more than 2000 sites, we show that one quarter of the studied species have dynamics that
can be better described by our polynomial approach than typically-used linear analysis. We also show how it can
be used to analyse indicators constructed with multi-species indices. Our method can be applied to any type of
ecological variable either to classify trajectories of ecological variables in time or trajectories of ecological
variables across pressure gradients. Overall, our results suggest a more systematic investigation of non-linear
trajectories when analysing the dynamics of ecological variables.

1. Introduction

As biodiversity is undergoing a major decline (Ripple et al., 2017),
international initiatives have set several ambitious targets to combat
this trend, by protecting species and habitats or maintaining and re-
storing ecosystems (CBD, 2010; EC, 2011). These objectives require the
development of relevant data and statistical tools to estimate any pro-
gress towards those targets.

Different types of variables has been proposed for measuring the
“changing state of nature”. For instance, a suite of “biodiversity vari-
ables” have been proposed to detect critical biodiversity changes
(Schmeller et al., 2018). Whatever the ecological level considered
(species, habitat, ecosystem) and the specific definition used (variable,
indices, indicator), detecting changes in the dynamics of biodiversity
responses is key to temporal ecology and conservation policy
(Wolkovich et al., 2014). Among possible approaches, the analysis of
temporal trends in populations of habitat specialist species (e.g. farm-
land birds, Gregory et al., 2005), or in aggregated indicators of popu-
lation dynamics (e.g. Living Planet Index, Loh et al., 2005) has become

common practice for monitoring human impact on biodiversity (Vačkář
et al., 2012).

Ideally, an improved biodiversity status should be revealed by a
switch from a decrease to an increase (or at least to a stabilisation) in
the temporal trend of those indices (Donald et al., 2007; Koleček et al.,
2014; Sanderson et al., 2016; Koschová et al., 2018). More generally,
the aim of calculating temporal trends is to describe the state of a given
variable with regard to its past with a straightforward descriptor that
can be easily interpreted and used in further analysis (e.g. to compare
dynamics between species or to relate the trend in the variable to
specific pressures).

However, the term “trend” creates confusion about what is mea-
sured when a statistical model is fitted to a trajectory (i.e. a time series)
of a given variable of interest. The trend is usually measured after fit-
ting a linear model that estimates the average rate of change of the
variable over a given period (Link and Sauer, 1997a) and it is used to
describe the trajectory. When estimating a trend, however, one only
synthesises the overall change in terms of direction (the sign of the
trend), and steepness (the magnitude of the trend). Yet, a trajectory is
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more than its trend as it is defined by the pattern of fluctuation itself.
When studying a trajectory, the purpose should rather be to find the
most accurate description of changes over time in terms of direction,
velocity, curvature, or even the timing of such changes. Surprisingly,
trends and trajectories are not always separated in the study of ecolo-
gical variables (Humbert et al., 2009; Inger et al., 2014).

Relying on linear trend methods or on a percentage of change be-
tween the first and last values remains largely dominant in classifying
and comparing temporal changes in population dynamics for most of
the well-studied groups, such as birds (Julliard et al., 2004; Donald
et al., 2007; Reif, 2013; Inger et al., 2014; Heldbjerg et al., 2018;
Rosenberg et al., 2019), fish (Christensen et al., 2014; Vasilakopoulos
et al., 2014), and insects (Hallmann et al., 2017; Lister and Garcia,
2018; Sánchez-Bayo and Wyckhuys, 2019). But focusing either on
trends or trajectories can lead to different interpretations as numerous
population dynamics are non-linear (Clark and Luis, 2019). Before any
qualitative change of a given variable can be detected, the trajectory of
the variable can adopt different shapes with specific meanings that
cannot be captured by simply measuring the trend. For instance, for a
population trajectory reflecting the conservation status of a threatened
species, the deceleration of the decrease already reveals a better si-
tuation (Fig. 1A). On the contrary, an accelerated decrease mirrors a
stronger degradation (Fig. 1B). Thus, the variation in the rate of change
along the trajectory is highly informative from a conservation per-
spective and yet cannot be entirely captured by a linear trend approach.
Worse, linear trends can mask reversal dynamics, a concave or convex
hump shaped curve that is typically qualified as “stable” by a linear
model (Fig. 1C). Therefore, studying complete trajectories beyond
simple trends is crucial to track the improvement or failure in con-
servation policies as well as to identify changing points that may follow
the implementation of a conservation policy.

A plethora of other than linear methods to describe population
trajectories is already available (Thomas, 1996; Link and Sauer, 1997b;
Ruppert et al., 2009; Dornelas et al., 2013; Tittensor et al., 2014). Most
of these methods rest on generalised linear models with polynomial
regression splines (Cunningham and Olsen, 2009) or generalised ad-
ditive models (GAM) (Fewster et al., 2000; Buckland et al., 2005). Al-
though these methods are fundamental to fit and describe complex non-
linear dynamics, the details of such complex shapes can be irrelevant
for assessing the status of a population trajectory and difficult to use for
comparison between different species. The reason is that in these non-
linear models, the type of function used and the degree of freedom
allocated to the corresponding statistical models are often not a priori
constrained by the user (otherwise it would correspond to a parametric
case (Brun et al., 2019)) but rather adjusted to the data. This leads to
difficult interpretations as the risk of overfitting increases compro-
mising the comparison between datasets. For instance in a GAM,
smooth functions are built on a trade-off between the smoothness of the

function and the fidelity to the data which implies a selection (either by
generalised cross validation or marginal likelihood) of the smoothing
parameters (Wood, 2017). Alternatively, simple non-parametric
methods also exist (e.g. correlation rank (Yue and Wang, 2004; Sonali
and Kumar, 2013; Adarsh and Janga Reddy, 2015)), but they remain
highly conservative in detecting no more than a dominant trend. Other
methods identify breakpoints along a trajectory, for instance by fitting
segmented relations usually through piecewise regression models
(Muggeo, 2003; Muggeo, 2008; Fong et al., 2017), or by applying se-
quential or iterative regime shift analysis methods (Rodionov and
Overland, 2005; Gröger et al., 2011). Although these techniques help to
locate abrupt changes along a trajectory, they do not synthesise the
trajectory beyond identifying particular changing points.

Overall, the current approaches to study and compare non-linear
trajectories in ecological variables do not offer a simple method for
classifying trajectories based on their general shape. Such a method
should be flexible enough to handle most ecological data, it should use
simple statistical estimates to classify trajectories, and these estimates
should be easy-to-use for comparing different trajectories. We suggest
that a method that meets these criteria could include: a) estimating the
direction of change of a trajectory, b) estimating the rate of change of a
trajectory, c) identifying whether the rate of change is accelerating or
decelerating within a trajectory, and d) detecting points where the di-
rection of change of a trajectory switches sign. Such a method would
not reject linear trend analysis nor replaces GAM-like approaches, but
would rather aim at providing a simple and generic classification of
non-linear trajectories.

In this paper, we develop such a generic method to classify trajec-
tories of any ecological variable (population indices, multi-species in-
dicators or any kind of temporal series) according to their direction
(decline, increase, stable) as well as to their overall shape (accelerated,
decelerated, convex or concave). We describe this method step-by-step
and we test it in simulated trajectories that resemble typical time series
of monitored populations. We further show how and why this method
could be used in two empirical examples. We use population dynamics
of the 108 most common species monitored by the French Breeding Bird
Survey (FBBS) from 1989 to 2017 (Jiguet et al., 2007) to illustrate how
our method can be used to describe the conservation status of these
populations. We finally apply this method on multi-species indicators
(MSI) for farmland and woodland birds. We anticipate that this method
will be sensitive to well identified pitfalls of classical monitoring pro-
grams (Buckland and Johnston, 2017) that might have a particular
incidence on the uncertainty of the variable of interest resulting in a
wider sampling error. A method accounting for this sampling error has
been recently proposed for multi-species indicators (Soldaat et al.,
2017). We therefore adapted this method to take into account sampling
error in our method when it is available. We also tested the sensitivity
of our method to critical methodological choices or change in data

Fig. 1. Illustrations of second order polynomial (solid line) and linear (dotted line) fits of Y (a hypothesised ecological variable (black circles)) by X (in units of time).
A) Second order polynomial fit captures a decelerated decline whereas the linear fit does not. B) Second order polynomial fit captures an accelerated decline whereas
the linear fit does not. C) Second order polynomial fit captures a concave phase whereas the linear fit is flat.
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quality. We highlight the advantages and disadvantages of our ap-
proach by comparing our results to those estimated by most common
linear methods.

2. Materials and methods

2.1. A general classification of trajectories for ecological variables

We use the properties of a second order polynomial function to
describe and classify the overall shape of any trajectory.

Let Y be a quantitative discrete or continuous variable (e.g. popu-
lation abundance or any ecological variable) and X a quantitative
continuous variable representing time (year, month or days). The
characterisation of a second order polynomial function can be achieved
in two steps (Fig. 2A):

Step 1. We first fit a second order polynomial between Y
and X through a least-square regression:

= + +Y α α X α X0 1 2
2 (1)

Such a regression model performed using orthogonal polynomials
removes the correlation between the first (X) and the second order (X2)
variables (Narula, 1979). The significance of each coefficient (α1 for
first order and α2 for second order) is therefore used to test whether the
second order significantly improves the regression compared to the first
order. More precisely, a second order polynomial (Eq. (1)) can dis-
criminate between a stationary process (if α1 and α2 are not significant),
a monotonous process (if only α1 is significant), and an accelerated
process (if α2 is significant).

We fit this function within the interval bounded by X0 and XT, re-
spectively the first and last values of X , to generate a curve that can be
either convex (⋃) or concave (⋂) (Fig. 3). For a convex curve, this
interval on which the function is fitted necessarily delineates one of the
following cases: a decelerated decline (Fig. 3A.1), a convex phase
(Fig. 3A.2) or an accelerated increase (Fig. 3A.3). For a concave case
three analogous cases can be described: a decelerated increase
(Fig. 3B.1), a concave phase (Fig. 3B.2), or an accelerated decline
(Fig. 3B.3).

Step 2. We then characterise the fitted polynomial function with
simple metrics, i.e. we transform the information contained within the
function and the interval into a readable description using the direction,
the acceleration, the velocity and the changing points of the trajectory
(Figs. 2 and 3). The direction of the trajectory is defined as being either
a decline, nil or an increase. The acceleration corresponds to an ac-
celerated, constant, or decelerated phase when the direction is either a
decline or an increase, or refers to a convex, stable or concave phase
when there is no direction (Fig. 2). Moreover, the velocity represents

the rate of change of a given trajectory and the changing points des-
ignate where the rate of change of the trajectory adopts a different
profile (Fig. 3).

For linear cases (α2 non significant), Y becomes a linear function
of X (i.e. Y = α0 + α1X). The four indices are completely determined by
the sign and the magnitude of the slope (α1). The direction is an in-
crease, nil, or a decline for positive, null, or negative slopes respec-
tively. The acceleration is null, the velocity is the magnitude of the
slope and there is no specific point of noticeable change that can be
identified.

For non-linear cases (α2 significant), a standardised classification
should be able to discriminate between decelerated or accelerated cases
and convex, stable or concave dynamics (Fig. 3). This is done as follows:

Direction. To qualify the behaviour of the function over a given
period, we use the direction of the function around the centre Xm of the
interval [X0, XT] (corresponding to the whole time series length). The
direction of Y is then determined by the sign of the slope of the tangent
TXm given by the linearisation around Xm:

= − +T X Y X X X Y X( ) ̇ ( )( ) ( )Xm m m m (2)

where Y ̇ (Xm) is the first derivative of Y:

= +Y X α α Ẋ ( ) 2m m1 2 (3)

Y ̇ is computed around Xm both at Xm-δ and Xm + δ (Fig. 3), where δ
is equal to 25% of the interval [X0, XT]. As the direction can change
only once along a second order polynomial, if this modification does
not happen on [Xm- δ, Xm + δ], it implies that the change occurs either
on] −∞, Xm–δ [or on ]Xm + δ, +∞[. If it occurs on ]−∞, Xm- δ [, the
direction is constant on [Xm–δ, XT] and by symmetry, if the change
happens on ]Xm + δ, +∞[, the direction is constant on [X0, Xm + δ]. In
both cases, the direction stays the same on at least 75% of the interval
[X0, XT] and we assume this direction accurately reflects the main di-
rection of Y on [X0, XT]. In these cases, if Y ̇ (Xm–δ) > 0 and Y ̇
(Xm + δ) > 0, the direction is an increase and if Y ̇ (Xm–δ) < 0 and Y ̇
(Xm + δ) < 0, the direction is a decline. If the sign of Y ̇ changes on the
interval [Xm–δ, Xm + δ], it means that Y ̇ becomes zero around Xm and
hence the direction is considered as nil and there is no alternative
possibility.

Acceleration. The acceleration of the polynomial fit on the interval
is given either by the sign of the second order coefficient α2 or by the
sign of γ̇, the derivative of the curvature function γ (Eq. (4)) (O’neill,
2006). This choice depends on whether the direction is nil (sign of Y ̇
(Xm- δ) ≠ sign of Y ̇ (Xm + δ)) or not.

=
− +

+ +
γ X

α α X α
α X α

̇ ( )
12 (2 )

(1 (2 ) )
m

m

m

2
2

2 1

2 1
2 5

2 (4)

Fig. 2. Classification steps (A) and classes (B). Once
the second order polynomial Y = α0 + α1X+ α2X2 is
fitted (step 1), the significance of α2 is evaluated (step
2a) to distinguish between linear (B. 4, 5 and 6) and
non-linear (1, 2, 3, 7, 8 and 9) trajectories. For linear
cases, assessing direction and velocity is straightfor-
ward using the coefficient of the slope α1. For non-
linear dynamics (step 2b), concave and convex cases
(B. 2 and 8) can be discriminated by a change in the
sign of the tangent around Xm. Remaining classes (1,
3, 7 and 9) require the calculation of the curvature
derivative at Xm as a proxy of the acceleration as well
as the computation of the tangent value at Xm for
velocity estimation. B) Class numbering refers to the
following types: accelerated decline (1), concave (2),
accelerated increase (3), constant decline (4), stable
(5), constant increase (6), decelerated decline (7),
convex (8), and decelerated increase (9).
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When the direction is nil (Fig. 3 A.2, B.2), the acceleration refers to
the convexity or concavity of the trajectory and only the sign of α2 is
needed to describe it (convex for α2 > 0, concave α2 < 0). When the
direction is an increase or decline (Fig. 3 A.1, A.3, B.1 and B.3), the
acceleration cannot be described solely by the sign of α2, because
whether the function is in an accelerated or decelerated phase depends
on the interval which is regarded. For instance, if α2 > 0, we could
have a decelerated decline (Fig. 3A.1) or an accelerated increase
(Fig. 3A.3) depending on the interval considered. We therefore in-
troduce a criterion that directly refers to the curvature γ of the function
irrespective of the interval (Fig. S1). This criterion is given by com-
puting γ̇ the first derivative of the curvature function γ at Xm the centre
of the interval [X0, XT] (Eq. (4)) (supplementary materials 1 for cal-
culation details).

When the interval is on the left side of the minimum or maximum of
the second order polynomial, whatever the sign of α2, the function is
decelerating (Fig. S1). When the interval is on the right side of the
minimum or maximum, the function shows an acceleration. The sign of
γ̇ is the opposite when the sign of α2 changes. By multiplying the sign of
γ̇ by the sign of α2, we obtain a consistent type of acceleration for the
variable considered (Y). When this sign is negative, it corresponds to an
acceleration and when it is positive, it corresponds to a deceleration.

Velocity. The velocity is given by the magnitude of the tangent at
Xm, i.e. the value of Y ̇ (Xm) (Eq. (3)). The velocity can be compared
between two curves only if they belong to the same type of trajectories.
For instance, it would not make sense to compare the speed of a de-
celerated trajectory (Fig. 2B case 9) with the speed (slope) of a linear
increase (Fig. 2B case 6).

Changing points. Non-linear or multiple linear regression methods
can provide changing points or periods (Buckland et al., 2005; Fewster
et al., 2000; Muggeo, 2003; Cunningham and Olsen, 2009; Smith et al.,
2015). Here, for each second order polynomial curve three local points
of interest can be identified in theory. Those points correspond to va-
lues of X where a shift in the rate of change is observed. No significance
test is required as the significance of the second order polynomial im-
plies the existence of these points (but see below for standard devia-
tion). The first point (p1) marks the minimum (for convex cases) or
maximum (for concave cases) of the polynomial curve and corresponds
to the value of X when Y ̇ is zero (Eq. (5)). The two other points (p2 and
p3) delineate the values of X where the rate of change is mainly driven
by a horizontal or vertical component (Eq. (6)) (see supplementary
material 2). In practice, among these three points (p1, p2 and p3), only
the ones which fall within the interval [X0, XT] are generally relevant

(Fig. 3). These points only serve as potential changing points in the
overall shape of trajectories and need to be interpreted as such by the
user.
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In many cases, the sampling error of the Y value is also accessible
and needs to be considered to estimate Y uncertainty. We therefore use
a Monte Carlo simulation method to account for this sampling error
(SE) adapted from Soldaat et al. (2017). We first set the Y value for the
reference year (baseline year that can be either the first, last or central
year or a specific year chosen by the user) to 100 and any Y value below
1 is truncated to 1 and its SE set to 0. We then log-transformed the Y
values and we applied the Delta-method (Agresti, 2002) to obtain the
sampling error of Y on a log scale (SElog(Y) = SE(Y)/Y). 1000 Y vectors
are then simulated by taking values from a normal distribution with a
mean equal to the log-transformed Y values and the standard deviation
equal to the SElog. Each Y vector is back-transformed to the original Y
scale, the reference year value is set to 100 and other values are ex-
pressed as a percentage of the value of the reference year. We then
classify each simulated Y after estimating its acceleration, velocity and
potential changing points. As simulated trajectories may be classified in
different classes, we perform a binomial (if two different classes) or
multinomial (if more than two different classes) test to assess the sig-
nificance of the predominant class. If both a non-linear and a linear
class are predominant but none of them significantly, Y is classified as
belonging to the linear class. Only the simulations belonging to the
selected class are kept and used to calculate the average velocity and
the average changing points (if any) and their standard deviation.

In summary, using the classification method described above
(Fig. 2A), one can classify any trajectory as belonging to only one of the
nine classes: accelerated decline, constant deccline, decelerated decline,
concave, stable, convex, decelerated increase, constant increase and
accelerated increase (Fig. 2B). The direction and the type of accelera-
tion are enough to cover this classification which is obtained un-
ambiguously because both the direction and the acceleration are re-
trieved from the statistical significance of the second order polynomial

Fig. 3. Second order polynomial curves on the time
interval [X0, XT], Xm being the middle of the interval.
For a given second order polynomial function
Y = α0 + α1X + α2X2, six cases may be described
depending on the position of the curve relative to the
interval [X0, XT]. For a convex function (A), three
cases can be found: a decelerated decline (A.1), a
convex phase (A.2), or an accelerated increase (A.3).
For a concave function (B), three cases as well can be
identified: a decelerated increase (B.1), a concave
phase (B.2) or an accelerated decline (B.3). The di-
rection of the trajectory is assessed based on the sign
of the tangents at points Xm−δ and Xm + δ (inset
window). Changing points are marked with a circle
for p1 and a square for p2 and p3. p1 is the point where
the tangent becomes zero and delineated increase
and decline. p2 and p3 are points where the tangent
coefficient is 1 or −1. They define where the tangent
becomes more horizontally or vertically led.
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coefficients. Moreover, two additional properties can be easily ob-
tained, namely the velocity of the change, and potential changing point
(s) with a significant shift in the rate of change of Y. The classification
being based on trajectories in a given interval [X0, XT], it is by defini-
tion dependent on the time interval considered. The incorporation of
the sampling error allows to test the significance of the classification
and to give an estimate of uncertainty (as standard deviation) for ve-
locity and potential changing points.

2.2. Sensitivity to time series length, missing data, noise and sampling error

We tested the sensitivity of the proposed method on simulated
trajectories that mimic each of the nine classes (Fig. 2B). To produce
time series we used the second order polynomial (Eq. (1)) with para-
meter values α1 and α2 chosen to be close to the coefficients obtained
from empirical time series and selecting only the part of the produced
parabola that resembled the nine classes (for details see supplementary
material 3). We performed a sensitivity analysis to four potential
sources of biases (see supplementary material 4). First, we explored the
effect of the time series length. Second, we explored the effect of gaps in
the monitored data as typically the frequency of monitoring can differ
from year to year. Third, we explored the effect of process noise (Dennis
et al., 2006) as additional year-to-year variation on the trend. Noise
corresponds to a deviation from the process and it influences the po-
sition of the Y value for a given X value. Finally, we explored the effect
of sampling error due to incomplete sampling, weaknesses in detect-
ability or misidentification of species. Sampling error corresponds to a
dispersion metric of uncertainty of a Y value for a given X value.

2.3. Classifying trajectories of empirical ecological variables: An illustration
using bird populations

We tested our method on an empirical dataset. We classified bird
population time series from the French Breeding Bird Survey (FBBS)
from 1989 to 2017. To be validated by the FBBS, volunteer ornitholo-
gists had to follow a standardised protocol on fixed sites (2693 since
1989) on which a fixed number of point counts were carried out by the
same observer in the same order. Each point count of each site is
monitored twice a year during the same period (5 or 15 min) 1 to 4 h
after sunrise, between 1st of April and 15th of June to take into account
early and late breeding birds. Of the 242 species recorded in the da-
taset, we selected the most abundant species (99% of the total abun-
dance) to restrict our analysis only to the most common species, easy to
observe and less exposed to sampling biases. After removing non-se-
lected species and sites only monitored once, our dataset comprised
2144 sites and 108 species (supplementary materials 5). For each site
and species, count data from all the points of each given site were
summed (after taking the maximum of the two monitoring spring ses-
sions for each point) as a proxy for the local abundance of the species in

a given site and a given year.
Note that many ecological data are similar to what is collected by

the FBBS, i.e. they use multi-species and multi-sites surveys to derive
yearly variations in the abundance of each species or in more elabo-
rated indicators combining multi-species indices (Loh et al., 2005;
Pereira and Cooper, 2006; Butchart et al., 2010; Inger et al., 2014).

We thereafter applied our method to yearly population indices (see
supplementary materials 6) of each of the 108 species from the FBBS
during the period 1989–2017 corresponding to [X0, XT], using 2001 as
the reference year. For each species i, the yearly index (Yi) was con-
sidered as the response variable (Y) and years as polynomial ex-
planatory variable (X) (Eq. (1)).

Finally, we also tested our method on multi-species indicators (MSI)
rather than individual species. MSI are typically used to capture the
general trend of a specific group of species of interest (e.g. farmland
birds). To compile these MSI, we selected farmland and woodland
specialist species (MNHN, 2019).

All analyses were performed in R (version 3.4.4). Bird data were
obtained from the French National Natural History Museum in 2018. A
workflow of the proposed method is available as Rmd file and can be
downloaded at https://github.com/StanislasRigal/classtrajectory.

3. Results

3.1. General case

Testing our method on the simulated trajectories, we were able to
correctly classify between 44.6% and 98.3% depending on the biases
considered (Table 1). In terms of sensitivity to time series length, we
found that the classification was weakly sensitive to the length with a
slightly better classification percentage for longer time series (Table 1).
96.8% of the simulations were correctly classified, when the time series
length was 30, which is the time series length covered in the empirical
example. This percentage is not significantly different from the per-
centage obtained for length equal to 70 (binomial test p-value = 0.156)
but it was significantly higher than the percentage obtained for a length
equal to 10 (binomial test p-value < 0.0001). The highest percentage
was found for a length of 50 but it was not significantly higher than the
percentage found for a length of 70 or 90 (binomial test p-
value = 0.127 and 0.331). Overall this source of bias has less impact on
the percentage of correct classifications than others. The average dis-
tance between expected and observed potential changing points was
around 5 or 6% of the time series length. For missing data, we found
that the more the data are complete (the more the ratio between
monitored years and time series length is close to 1), the more the
classifications were correct, with a maximum of 96.8% of correct
classification for a complete time series (ratio = 1). For noise and
sampling error, we found that these biases generated the most high
percentage of misclassification.

Table 1
Averaged percentages of correct classifications for each value of each source of bias. The time series length is expressed in years. The ratio corresponds to the number
of monitored time steps to number of time steps. The process noise and the sampling error are expressed in percentage of the Y range (Ymax-Ymin).

Time series length (Years) (ratio of missing data = 1, noise = 5%, sampling error = 5%) 10 30 50 70 90
Correct classifications (%) 90.3 96.8 98.3 97.5 97.8
Mean relative distance from observed to simulated changing points (% of time series length) 4.9 5.0 5.5 5.8 6.3

Missing data (Ratio between monitored years and time series length) (time series length = 30, noise = 5%, sampling error = 5%) 0.2 0.4 0.6 0.8 1
Correct classifications (%) 48.8 59.7 72.5 82.8 96.8
Mean relative distance from observed to simulated changing points (% of time series length) 3.8 3.7 3.6 3.8 5.0

Noise (% of Y range) (time series length = 30, ratio of missing data = 1, sampling error = 5%) 5 15 25 35 45
Correct classifications (%) 96.8 82.4 63.3 48.9 44.6
Mean relative distance from observed to simulated changing points (% of time series length) 5.0 9.5 12.1 16.1 17.9

Sampling error (% of Y range) (time series length = 30, ratio of missing data = 1, noise = 5%) 5 15 25 35 45
Correct classifications (%) 96.8 85.6 56.8 54.8 51.7
Mean relative distance from observed to simulated changing points (% of time series length) 5.0 8.6 7.7 8.6 10.2
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3.2. Case-study

We applied our classification method on bird population trajectories
recorded in France from 1989 to 2017. We found that among the 108
species trajectories, 80 were linear while for the other 28 (i.e. 26% of
the 108 trajectories) a second order polynomial was better than the
linear fit. 26 species trajectories were classified as increase of which
three were decelerated and 23 constant (Fig. 4 F, I). 29 species trajec-
tories were classified as decline of which four were decelerated, 24
constant and one accelerated (Fig. 4 A, D, G). 53 species trajectories
were neither classified as decline nor as increase, of which four were
convex, 33 remained stable and 16 had concave dynamics (Fig. 4 B, E,
H).

We also quantitatively compared trajectories based on their velo-
city. Note that the velocity was not recorded when the trajectory di-
rection was nil (concave, stable or convex classes) as it would have been
null. Also no velocity was calculated for the accelerated increase class
as we found no species belonging to this class. We found that species
from the same class can differ greatly in velocity. For instance, between

two decelerated and decling species, Pica pica had a velocity three times
greater than Corvus frugilegus (respectively −8.4 and −3.0) depicting a
stronger decrease of Pica pica relative to Corvus frugilegus. Note that the
comparison of species velocities for trajectories belonging to different
classes is not meaningful. For instance, the velocity of Emberiza ci-
trinella, an accelerated and declining species, is similar to the velocity of
Pica pica, a decelerated and declining species (respectively −9.2 and
−8.4). The trajectories of those two species being different, their ve-
locities cannot be compared although they are quantitatively similar.
This highlighted the need of considering the trajectory class before
conducting velocity comparisons and more generally the need of cau-
tion when performing linear trend comparisons.

For some cases, we also detected potential changing points that
depict either a change from an increase to a decline (or vice versa), or an
acceleration or deceleration of the rate of change. For instance,
Emberiza citrinella started to strongly decrease in 2007 (p2, sd = 1.9,
Fig. 4A). During the same period, Coloeus monedula slowed down its
decline in 1991 (p2, sd = 2.5), reached a minimum in 2000 (p1,
sd = 0.9) and mainly increased after 2010 (p3, sd = 1.3) (Fig. 4B).

Fig. 4. Classification of the 108 bird species trajectories (standardised abundances) from 1989 to 2017 into the nine possible linear (D, E, F) and non-linear (A, B, C,
G, H, I) classes. A) 1 accelerated declines, B) 4 convex trajectories, C) 0 accelerated increase, D) 24 constant declines, E) 33 stable trajectories, F) 23 constant
increases, G) 4 decelerated declines, H) 16 concave trajectories, I) 3 decelerated increases. Scaled yearly indices of abundance (black dots) with sampling error (grey
intervals) are shown for one species of each class. Second order polynomials are shown by a bold line and standard deviations by dashed lines. Changing points of
interest are marked on these fits with their standard deviation (bounded segments) (circle and red for p1 and square and blue for p2 and p3). (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of this article.)
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These points can provide additional information on each species dy-
namics of potential conservation interest such as population responses
to pressure or conservation changes.

Using our method on MSI, we found a significant accelerated de-
cline in farmland specialists (Fig. 5A) (α2 = −0.08, α1 = 300,
sd = 7.06, p-value < 0.0001). In contrast, we found a stable trend in
woodland specialists (slope = 0.09, sd = 5.9, p-value = 0.28)
(Fig. 5B).

4. Discussion

In this paper, we showed how trajectories of ecological variables
can be classified into nine classes using a method that is simply based
on fitting a 2nd order polynomial model (Fig. 2). Our method basically
dissects the dominant shape of a trajectory into 2 properties: the di-
rection and the acceleration. In addition, this method can indicate the
velocity and potential changing points along the trajectory where a shift
in the rate of change happens. As such, our approach helps to provide
comparable and easy-to-use information that goes beyond the current
classification and comparison method based on linear trend analysis or
percentage of change (Vorisek et al., 2010; Inger et al., 2014).

When applied to empirical population trajectories, we showed how
this method gives additional information on species dynamics com-
pared to common linear approaches. Studying linear trends of our
empirical example would have masked significant non-linear dynamics
for more than 25% of the studied species between 1989 and 2017. Thus,
using a common linear approach no distinction could have been found
between species with stable trajectories and those with convex or
concave dynamics, compared to fitting a second order polynomial
function. Moreover, decreasing or increasing trends would only have
been differentiated quantitatively using velocity whatever their in-
dividual shapes. Finally, potential changing points would have been
inaccessible using a unique linear regression although they can be
provided using other methods (Fewster et al., 2000; Muggeo, 2003;
Cunningham and Olsen, 2009; Smith et al., 2015). These remarks also
stand for the multi-species indicators analysed in this study. The dy-
namic of the forest species MSI was classified as stable and other non-
linear methods may be then applied to more precisely fit the narrow
range variations. The dynamic of the farmland species MSI was cate-
gorised as an accelerated decline. Therefore, beyond the now well-de-
scribed decline in farmland birds (Donald et al., 2001; Gregory et al.,
2019; Newton, 2004; Reif and Vermouzek, 2019), their decrease was
even faster between 1989 and 2017 in France. Of course, an analysis
restricted to a different interval, like for instance focused on the last
years (showing a stabilisation), would have led to a different

classification. Thus, it should be clear that the classification given by
this method synthesises the shape of the trajectory over the whole
available time series. In that sense, different dynamics during a parti-
cular part of the trajectory may be explored by applying the method to
a specific period.

The presented method can also be used to search for signs of im-
provement following, for instance, large-scale conservation policies. As
pressures on ecosystems are not intrinsically supposed to be linear it
may be relevant to combine this method to synthetically describe po-
pulation trajectories along with non-linear dynamics of pressures that
are experienced by species in different areas (e.g. to test whether the
trajectories of ecological variables and of candidate pressures are si-
milar (in shape) and synchronous (via the changing points)). Previous
studies have selected a given year (often close to a new conservation
legislation enforcement) to compute before/after linear trends or linear
approximations (Donald et al., 2007; Mace et al., 2010; Koleček et al.,
2014; Sanderson et al., 2016). Our method does not require the selec-
tion of a particular year. Rather, it can independently highlight specific
points where trajectories change in direction, which can be used for
evaluating a potential temporal lag between legislation and biodiversity
responses (Male and Bean, 2005).

The classification method we propose is sensitive, to some extent, to
the length of the time series, the data resolution, the magnitude of noise
(distance to the process influencing the position of a value) and the
importance of sampling error (dispersion metric corresponding to the
uncertainty of a value). The length of the time series does not influence
a lot the quality of the classification above a minimal length. In sub-
optimal conditions (no missing data, weak noise and low sampling
error), even for 10 year long time series, correct classification rate was
high (90% see Table 1) and the changing points were set with a high
accuracy. Gaps in the data may have a stronger influence on the clas-
sification due to a higher uncertainty for the polynomial fit. However
for multi-species indicators the issue of missing years can be tackled
using for instance chain indexing (Crawford, 1991; Soldaat et al.,
2017). The noise on the process one wants to study remains difficult to
estimate in empirical data, but its impact on correct classification ratio
is confined to very noisy data (below two third of correct classification
when the noise is higher than 25% of the index range). Finally, sam-
pling error can be incorporated in our method to produce a more re-
liable classification by allowing to test the significance of the class
quantified by the standard deviation for the polynomial coefficients and
the changing points. High sampling error results in a more conservative
classification as the significance of the second order coefficient
weakens. However, the accuracy of the classification remains high
(above 85%) for most of the sampling error levels observed in our

Fig. 5. Multi-species indicators (yearly values (black dots) with standard deviation (grey intervals)) of farmland (A) and forest (B) specialist species between 1989
and 2017. A) The second order polynomial is shown by a bold line and standard deviation by dashed lines. Changing point of interest is marked on this fit with its
standard deviation (bounded segment) (square and blue for p3). B) A stable fit is represented (bold line and standard deviation by dashed lines) as no linear trend nor
second order polynomials were detected. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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empirical example. When the data resolution or the length of the time
series results in too few data available to fit a second order polynomial,
a non-parametric alternative approach can be adopted to provide a si-
milar classification using the correlation rank given by the Mann-Ken-
dall test (supplementary materials 7). Such a non-parametric method is
always less powerful (less sensitive to small changes) than the para-
metric one, but it can outperform the linear approach for low data re-
solutions (Table S1).

Although we focused on classifying population trajectories, we
showed that our method can be applied to multi-species indicators.
Trajectories of basically any type of ecological variable can also be
classified using our method because fitting a second order polynomial
does not require long and high-resolution data and it does not need any
a priori parameter specifications, contrary to highly-parametric models
as GAMs (Fewster et al., 2000). These characteristics justify the flex-
ibility of the method that allows it to be used with different types of
ecological data, while keeping enough simplicity to obtain a meaningful
classification of trajectories. Obviously, in cases where a full description
of a trajectory is necessary or trajectories are highly non-linear, other
existing methods will be more appropriate. In that sense, our proposed
method does not replace linear and highly-descriptive approaches, but
rather offers a complementary alternative by providing a classification
for non-linear cases well adapted for tracking a wide variability of
ecological variables including multi-species indicators (Gregory et al.,
2005; Collen et al., 2009; Gregory and Van Strien, 2010; Brereton et al.,
2011; Rosenberg et al., 2019) to inform and evaluate conservation ac-
tions.
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abstract: There is growing concern about the dire socioeco-
logical consequences of abrupt transitions between alternative eco-
system states in response to environmental changes. At the same
time, environmental change can trigger evolutionary responses that
could stabilize or destabilize ecosystem dynamics. However, we know
little about how coupled ecological and evolutionary processes affect
the risk of transition between alternative ecosystem states. Using
shallow lakes as a model ecosystem, we investigate how trait evolu-
tion of a key species affects ecosystem resilience under environmen-
tal stress. We find that adaptive evolution of macrophytes can in-
crease ecosystem resilience by shifting the critical threshold, which
marks the transition from a clear-water state to a turbid-water state
to a higher level of environmental stress. However, following the tran-
sition, adaptation to the turbid-water state can delay the ecosystem
recovery back to the clear-water state. This implies that restoration
could be more effective when implemented early enough after a tran-
sition occurs and before organisms adapt to the alternative state. Our
findings provide new insights into how to prevent and mitigate the
occurrence of regime shifts in ecosystems and highlight the need to
understand ecosystem responses to environmental change in the con-
text of coupled ecological and evolutionary processes.

Keywords: ecosystem tipping points, ecosystem resilience, eco-
evolutionary feedback, shallow lakes, alternative stable states.

Introduction

Ecosystem resilience is the ability of an ecosystem to ab-
sorb disturbances without shifting to an alternative, and
often undesirable, state (May 1976; Scheffer et al. 2001;

Folke et al. 2004). Ecological theory predicts that ecosys-
tems can respond abruptly to gradual environmental change
if they cross a critical threshold (i.e., tipping point) and
shift to an alternative stable state (ASS; Scheffer and Car-
penter 2003; Folke et al. 2004; Schroder et al. 2005). The
presence of ASSs causes hysteresis, which is the lack of re-
versibility of an ecosystem, hindering the recovery of the
ecosystem once it shifts to an alternative state. Such abrupt
transitions, also known as regime shifts, can have large im-
pacts on society by affecting the functioning of ecosystems
and the services they provide (Levin and Lubchenco 2008;
Carpenter et al. 2009). Existing theory has investigated the
ecological processes involved in ecosystem tipping points
and developed methods to predict regime shifts in re-
sponse to environmental change (Guttal and Jayaprakash
2008; Scheffer et al. 2009; Carpenter et al. 2014). However,
this theoretical framework still neglects evolutionary pro-
cesses (Dakos et al. 2019).
Environmental change can trigger both ecological and

evolutionary responses (Singer et al. 1993; Palumbi and
Mu 2001; Olsen et al. 2004; Parmesan 2006; Allendorf
and Hard 2009; Walther 2010). Evolutionary responses
can rescue populations from extinction in degrading en-
vironmental conditions (Bell and Gonzalez 2009) and
mediate both community and ecosystem responses to en-
vironmental change (Fussmann et al. 2007). Some prog-
ress has been made in integrating ecological and evolu-
tionary processes into predictive models of ecosystems
(Norberg et al. 2012; Palkovacs et al. 2012; Urban et al.
2012; Bolchoun et al. 2017). However, we know little about
how coupled ecological and evolutionary processes can af-
fect tipping point responses in natural ecosystems (Dakos
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et al. 2019), particularly those associated with population
adaptation to gradual environmental change (Singer et al.
1993; Palumbi and Mu 2001; Olsen et al. 2004; Parmesan
2006; Allendorf and Hard 2009; Walther 2010).
Of the many examples of regime shifts in natural eco-

systems (Biggs et al. 2018; Rocha et al. 2018), the regime
shift in shallow lakes between clear-water and turbid-
water states is the most studied (Scheffer et al. 1993; Scheffer
2009). The clear-water state dominated bymacrophytes is typ-
ically preferred by society (Levin and Lubchenco 2008; Car-
penter et al. 2009; Thomaz and Cunha 2010) but can shift to
a turbid-water state dominated by algaewhen there is excessive
nutrient loading (Scheffer 2009). In shallow lake ecosystems,
the competitive interaction between macrophytes and al-
gae—mediated through strong positive feedbacks—sets
up the potential for ASSs (Scheffer 2009). Therefore, changes
in traits underlying competition and affecting the positive
feedbacks betweenmacrophytes and algae have the potential
to influence the occurrence of tipping points and the dynam-
ics of shallow lake ecosystems under environmental stress.
Here, we extend an ecological model of the shallow lake

system (Scheffer 2009; Dakos et al. 2019) to include evo-
lutionary dynamics of macrophytes under environmental
stress using quantitative genetics. Building on the frame-
work proposed by Dakos et al. (2019), our eco-evolutionary
model incorporates gradual evolution of a macrophyte
trait, notably shading tolerance, which is a key trait affect-
ing macrophyte competitive ability. This trait can there-
fore evolve in response to increased turbidity produced by
the algae population. In short, we model how changes in
turbidity can change the fitness landscape of macrophytes
and thereby drive evolution in traits governing the compet-
itive interactions between macrophytes and algae. As such,
macrophyte evolution in this model ecosystem has the po-
tential to alter the population dynamics of algae, which feeds
back to affect selection pressures onmacrophytes. Ourmod-
eling approach therefore enables exploring the feedback
loops between ecological and evolutionary processes in the
shallow lake ecosystem.We investigate the transient dynam-
ics of the system besides its asymptotic behavior to under-
stand the system responses to temporal changes in environ-
mental stress. Since mechanisms analogous to those causing
regime shifts in shallow lakes operate in other ecosystems
(Scheffer 2009), our modeling approach is general enough
for investigating the interaction between ecological and evo-
lutionary processes in a wide range of ecosystems with tip-
ping points under environmental stress.

Model Description and Analysis

Ecological Model

The basis of our eco-evolutionary model is a shallow lake
ecological model that has been used to describe the eco-

logical dynamics that cause transitions between the clear-
water (macrophyte-dominated) and the turbid-water (algae-
dominated) alternative states (Scheffer et al. 1993; Scheffer
2009). The main mechanism underlying the existence of
ASSs in shallow lakes is that macrophytes reduce turbidity
by limiting algae (i.e., phytoplankton) growth, whereas tur-
bidity (mostly driven by algae density) decreasesmacrophyte
growth because of shading. The densities of the algae A and
the macrophyte M are given as follows (Scheffer 2004):

dM
dt

p rMM

�
12

M
KM

hP
A 1 AP

hP
A

�
, ð1Þ

dA
dt

p rAA

�
12

A
T0

hM 1M
hM

�
: ð2Þ

In this model, rA and rM are the maximum growth rates of
the algae and macrophytes, respectively; T0 is the nutrient
loading and defines the carrying capacity of algae; and KM

is the carrying capacity of the macrophyte population. Al-
gae limit macrophyte growth because of shading according
to a Hill function whose steepness is defined by P and with
half saturation hA. The term hA is the level of algae density
where shading has half of its maximum effect on macro-
phyte growth. In turn, macrophytes negatively affect the
growth of algae by limiting nutrient availability that defines
algae carrying capacity following an inverse Monod func-
tion with half saturation hM.
The half-saturation parameters, hA and hM, determine

the effect of algae on macrophytes and vice versa; there-
fore, they can be influenced by traits affecting the inter-
specific competitive ability of algae andmacrophytes. Here,
we extend previous ecological models, which treat these
parameters as fixed, to explore how the evolution ofmacro-
phytes affects the system dynamics.

Eco-Evolutionary Model

To model evolution in the macrophyte population, we as-
sume a quantitative trait x that affects the response of mac-
rophytes to algae hA. The quantitative trait might corre-
spond to, for example, photopigment synthesis that enhances
shading tolerance (Henley and Ramus 1989). Following
Dakos et al. (2019), we assume that

hA(x) p hA0elx ,

where hA0 is the background half saturation and l (10) is
an exponential factor that determines how hA increases as
function of the trait x.
We define x as a quantitative macrophyte trait that

is normally distributed with mean �x and phenotypic
variance j2; therefore, its density function is p(x, �x) p
1=(j

ffiffiffiffiffiffi
2p

p
) exp[2(x2 �x)2=(2j2)]. Following quantitative

E186 The American Naturalist

256 Tirés à part



genetics, the phenotypic variance j2 has genetic jG and
environmental jE components, j2 p j2

G 1 j2
E. Trait her-

itability is determined by the ratio of genetic variance to
total trait variance (j2

G=j
2).

As a result of resource allocation trade-offs, any trait
change that increases competitive ability will be associated
with a metabolic cost that affects macrophyte performance
(Rien 1999). In our case, a resource trade-off between light
harvesting (enhancing shade tolerance) and carboxylation
capacities causes a reduction in growth (i.e., biomass yield
per unit absorbed light) with increasing photopigment syn-
thesis (Henley and Ramus 1989). To include this trade-off
in the model, we consider an optimal trait value vwhen tur-
bidity is low, and thus the trait value (e.g., photopigment
synthesis) is low. However, when the trait value increases,
the increased cost of macrophyte competitive ability trans-
lates into a reduction in macrophyte carrying capacity KM.
Hence, KM is maximal when x p v and decreases in a
Gaussian manner as x moves away from v (similar to the
trait-based approach of Lande 2009):

KM(x) p K exp
2(x2 v)2

2t2

� �

In this expression, K is the macrophytes carrying capacity
under low-turbidity conditions, and t determines the width
of the Gaussian function. Notice that no evolution is pos-
sible when the trait value x is fixed at the optimum (x p
v p 0) and has no variance, such that hA p hA0 and
KM p K . Thus, this trait-based framework collapses into
the classic shallow lake ecological model (eqq. [1], [2]).
The fitness W (i.e., per capita growth rate) of a mac-

rophyte with trait x is given by

W(x,A,M) p rM

�
12

M
KM(x)

hA(x)
P 1 AP

hA(x)
P

�
,

and the average fitness �W of the macrophyte population
is

�W (�x ,A,M) p
ð∞

2∞
W(x,A,M)p(x, �x) dx:

The ecological dynamics of the eco-evolutionary model
are thus given by

dM
dt

p M �W (�x ,A,M), ð3Þ

and equation (2).
Following standard quantitative genetics techniques

(Lande 1976), the phenotypic trait change depends on
the fitness gradient and genetic variance such that

d�x
dt

p j2
G

∂ �W(�x ,A,M)
∂�x

: ð4Þ

Asymptotic Stability

We use as a reference the asymptotic behavior of the eco-
logical model (eqq. [1], [2], where hA p hA0, KM p K)
and compare this to the asymptotic behavior of the eco-
evolutionary model (eqq. [2]–[4]). Specifically, we evalu-
ate the equilibrium (steady state) and its stability using
the MATLAB package MATCONT to numerically com-
pute the continuation of equilibrium points as a function
of the nutrient loading T0 and their associated eigenval-
ues for the ecological and the eco-evolutionary model. This
analysis enables us to determine how the eco-evolutionary
feedback alters the stability of the ecological system. To do
so, we evaluate the difference between the level of nutrient
loading at which tipping points occur in the presence of
eco-evolutionary feedback compared with the level of nu-
trient loading at which tipping points occur predicted by
the ecological model alone (fig. 1). We test the robust-
ness of our results by extending this analysis for the three
parameters that affect the ecological equilibrium, namely,
K, hA0 and hM (fig. S1, available online). Note that rM and
rA do not affect the ecological equilibrium (see the supple-
mental PDF, available online).

Transient Dynamics

To investigate the eco-evolutionary responses of the shal-
low lake ecosystem to environmental change, we simulate
the system when ecological and evolutionary processes oc-
cur at comparable timescales. For this analysis, we assume
phenotypic variance j2 to be equal to genetic variance j2

G

(i.e., high heritability) and use equations (2)–(4) when nu-
trient loading changes over time (i.e., dT0=dt p φ). We
examine the eco-evolutionary trajectories of the macro-
phyte density as lake conditions deteriorate as a result
of nutrient loading increases (φ 1 0) and as macrophytes
recover when nutrient loading decreases (φ ! 0). We com-
pare the eco-evolutionary trajectories generated under
various levels of genetic variance j2

G and, thus, evolution-
ary rate. Specifically, we study eco-evolutionary trajecto-
ries under two main scenarios. The first is a scenario of
increasing nutrient loading (T0 increases from 0.01 to
7.5) at a slow rate (φ p 0:001 in fig. 2A, 2B) and a fast rate
(φ p 0:01 in fig. 3A, 3B) in the absence and presence of
genetic trait variance. In this scenario, we also test for the
effects of the rate of environmental change and of the level
of genetic variance on eco-evolutionary dynamics. Specif-
ically, we simulate trajectories for increasing nutrient load-
ing under a range of environmental rate change (φ p
0:0001 to 0.1 in logarithmic steps of 1000.05) and a range
of genetic trait variance (j2

G p 0:01 to 0.15 in steps of
0.005; fig. 4). The second is a scenario of decreasing nutrient
loading (T0 decreases from 9 to 5 at a rate φ p 20:001) in
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the absence and presence of genetic trait variance (fig. 5A,
5B). Last, we simulate different management intervention
scenarios following a regime shift to the turbid-water state.
Specifically, we simulate an early (10,000 time steps after the
shift) and a late (50,000 time steps after the shift) intervention
to reduce nutrient loading from 9 to 5 (φ p 20:001), and
we calculate numerically the recovery time of macrophytes
from the turbid-water to the clear-water state (fig. 6). We
use standard MATLAB functions to numerically solve the
differential equations of the system (the code is available
on Zenodo at https://doi.org/10.5281/zenodo.5172193; Cha-
parro 2021).

Singular Perturbation Analysis

To investigate how feedbacks between ecology and evolu-
tion determine the eco-evolutionary dynamics observed in
the numerical experiments, we use singular perturbation
theory (figs. 2C, 3C, 3D, 5C). This theory enables studying
dynamical systems with processes occurring in different
timescales, such as ecological (fast) and evolutionary (slow)
processes. The separation of timescales is the focus of this
theory, which has been used previously to investigate eco-
evolutionary dynamics (Cortez and Ellner 2010; Vasseur
et al. 2011; Patel and Schreiber 2015). Using this theory,
we approximate the ecological dynamics by assuming that
they are always in a quasi-steady state determined by the
mean trait value �x* of the macrophyte population. We can
thus derive analytical expressions for macrophyte M(�x*)
and algae A(�x*) density and calculate the fitness gradient
∂ �W (�x*,A,M)=∂�x* using these quantities. Subsequently, we
can investigate the transitions between these ecological states
as evolution slowly drives phenotypic change. We use the
MATLAB package MATCONT (Dhooge et al. 2008) to nu-
merically compute the continuation of ecological equilibrium
for different values of the mean trait.
All analysis were performed using parameter values

following Dakos et al. (2019) for the ecological model and
the macrophyte evolving trait (table 1).

Results

Can Evolution Affect the Resilience of the Shallow Lake
Ecosystem? (Asymptotic Stability)

The asymptotic behavior of the system (fig. 1) shows that
macrophyte trait evolution can increase the resilience of
shallow lake ecosystems in two ways. First, trait evolution
shifted the tipping point at which the lake shifts to the
turbid-water state at a higher level of nutrient loading
compared with the level predicted by the ecological model
(e.g., tipping in the ecological model occurs at T0 p 7:3,
tipping in the eco-evolutionary model occurs at T0 p 8:5;

fig. 1). Second, trait evolution shifted the tipping point that
marks the transition from the turbid-water back to the clear-
water state at a higher level of nutrient loading compared
with the level predicted by the ecological model (e.g., tip-
ping in the ecological model occurs at T0 p 5:2, tipping
in the eco-evolutionary model occurs at T0 p 7:6; fig. 1).
Thus, the range of nutrient loading where bistability occurs
was lower with evolution (blue vs. red region in fig. 1). In
other words, evolution decreased the range of hysteresis
over the nutrient loading gradient. These effects were ro-
bust to changes in parameters that affect ecological equilib-
ria (fig. S1).

Can Evolution Prevent the Collapse of the Shallow Lake
Ecosystem as the Environment Deteriorates

over Time? (Transient Dynamics)

The increase in resilience predicted by the asymptotic be-
havior of the system (presented in the previous section)
can prevent the collapse of the ecosystem when it is
subjected to slow temporal increases in nutrient loading
(φ 1 0). In the absence of evolution, increasing nutrient
loading from T0 p 0:01 to T0 p 7:5 beyond the tipping
point (fig. 2A) caused themacrophyte population to collapse
(green dashed line in fig. 2B). In contrast, when evolutionary
trait change occurred, natural selection increased the mean
trait of macrophytes (black solid line in fig. 2B), and
macrophytes did not collapse (green solid line in fig. 2B) de-
spite the fact that nutrient loading exceeded the value where
the tipping point occurs in the ecological model (ecological
tipping point T0 p 7:3; fig. 2A). This is because as the trait
value gradually evolved, the tipping point at which the mac-
rophyte population collapses gradually shifted to a higher
nutrient loading (fig. 2C). In this simulation scenario, evolu-
tion enabled the maintenance of the ecosystem in the clear-
water state at nutrient loading levels that would otherwise
cause the transition to the turbid-water state. However, this
is not always the case. As we describe in the next section, if
the increase in nutrient loading is too fast, evolution might
not be fast enough to “push” the tipping point to higher,
safer nutrient loading levels that can prevent the regime shift
to the turbid-water state.

Can Evolution Influence the Recovery of the Macrophyte-
Dominated State after Ecosystem Collapse?

When rates of environmental deterioration are fast—namely,
when φ is high—the collapse of the macrophyte population
cannot be prevented by phenotypic evolution (fig. 3B). In
this simulation scenario, nutrient loading increases to T0p
7:5, ten times faster than that in figure 2B. Interestingly,
the collapse to the turbid-water state still occurs even though
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atT0 p 7:5 theonly eco-evolutionary stable statepossible is
the clear-water state (fig. 1).However, the collapse is tempo-
rary:macrophytes eventually recover (fig. 3B).When themac-
rophytes shift to low densities, the gradual increase in the trait
value allows themacrophytes to slowly recover until their pop-
ulation abruptly shifts back to ahighdensity (around time step
10,000 in fig. 3B). Gradual trait evolution therefore shifts the
ecosystemback to the clear-water state, in which algae density
and turbidity are low.
Such “evolutionary recovery” of the macrophyte popula-

tion returns the ecosystem to a clear-water state without re-
quiring reductions in nutrient loading. Before the increase
in nutrient loading, the macrophyte population is well
adapted to low nutrient loading conditions, and therefore
its mean trait value is nearly zero. However, when nutrient
loading quickly reaches 7.5, the fitness gradient becomes
positive for trait values near zero (point i in fig. 3D). As a
consequence, the mean trait gradually increases until a tip-
ping point occurs (�x p 5:35, point ii in fig. 3C, 3D) where
the macrophytes shift from low to high density. Gradual
evolutionary trait change thus induces a transition from

the turbid-water to the clear-water state, resulting in ecosys-
tem recovery. Once the lake has recovered the fitness gradi-
ent turns negative, and therefore a smaller mean trait is se-
lected for until the fitness gradient vanishes at the only
(asymptotically) stable eco-evolutionary equilibrium when
nutrient loading is 7.5 (�x p 1:4, point iii in fig. 3C, 3D).
However, the transient ecosystem dynamics can include a
“temporary” transition in the turbid-water state (fig. 3B) be-
cause the evolutionary dynamics occur more slowly than
the ecological dynamics.

When Can Evolution Prevent Ecosystem Collapse?

From the two previous sections, it becomes obvious that
whether evolution can prevent ecosystem collapse or drive
its recovery after a transient collapse depends on the relative
rates of environmental and heritable trait change (fig. 4).
High genetic trait variance enabling fast evolutionary dy-
namics with respect to the ecological dynamics in combina-
tion with low rates of environmental change can prevent a
regime shift from the clear-water to the turbid ecosystem
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Figure 1: Asymptotic behavior of the shallow lake ecosystem. Shown aremacrophyte density (A) andmean trait value (B) at the ecological (eqq. [1],
[2]; blue lines) and eco-evolutionary (eqq. [2]–[4]; red lines) equilibrium as a functionof nutrient loading. The ecological equilibrium is computed for a
macrophyte population with mean trait value equal to zero (see “Model Description and Analysis” for further explanation) and no genetic trait var-
iance (j2

G p 0); therefore, natural selection cannot induce phenotypic changes. Solid lines represent stable equilibriums (states), and dotted lines rep-
resent unstable equilibriums (states). Bistability occurs in the shaded regions (blue in the ecological model, red in the eco-evolutionary model)
delimited by tipping points that mark the transition between alternative stable states (open circles when the transition corresponds to the collapse
of the macrophyte population, filled circles when it corresponds to recovery). The vertical dashed line indicates nutrient loading equal to 7.5.
j2
G p 0:05 in the eco-evolutionary model; other parameter values are as in table 1.
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Figure 2: A, Eco-evolutionary dynamics when nutrient loading increases with a rate 0.001 per day from 0.01 until 7.5. B, Dynamics of the
macrophyte density (green lines) and trait (black lines) when evolution does not take place (due to the absence of genetic trait variance;
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G p 0) and when it does occur (j2

G p 0:05). When evolution occurs the macrophyte population initially has a trait value of zero (it is well
adapted to the low nutrient loading), and as nutrient loading increases the trait value increases; when nutrient loading reaches its maximum
(7.5) the trait value equals 0.3, and after nutrient load stabilizes the trait approaches a value of 1.4. We evaluate the equilibrium at these trait
values (i, x p 0; ii, x p 0:3; iii, x p 1:4) in C. C, Macrophyte density at the equilibrium as a function of nutrient loading for three different
trait values. Colored lines represent the clear-water stable state, and the circles correspond to the tipping points that mark the transition to
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7.5. Other parameter values are as in table 1.
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Figure 3: A, Eco-evolutionary dynamics when nutrient loading increases with a rate 0.01 per day from 0.01 until 7.5. B, Dynamics of the
macrophyte density (green lines) and trait (black lines) when evolution does not take place (due to the absence of genetic trait variance;
j2
G p 0) and when it does occur (j2

G p 0:05). C, D, Macrophyte density (C) and fitness gradient (D; dark gray when positive and light gray
when negative) at the equilibrium as a function of trait value when nutrient loading is 7.5. At trait values near zero (point i), the only stable
equilibrium (state) possible is the turbid-water state with low macrophyte density. At this trait value the fitness gradient is positive, and
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state (top left corner in fig. 4). By comparison, low genetic
trait variance and high rates of environmental change leads
to ecosystem collapse (bottom right corner in fig. 4). Addi-
tionally, the lower the genetic trait variance, the longer the
period of the transient collapse is (e.g., the period between
ecosystem collapse and “recovery” is four times longer when
j2 p j2

G p 0:01 than when j2 p j2
G p 0:1). Increasing

genetic trait variance thus reduces both the range of envi-
ronmental rates of change that causes ecosystem collapse
and the duration of the transient collapse caused by fast en-
vironmental change.

Can Evolution Facilitate the Recovery of a Degraded Lake
Ecosystem after Management Intervention?

When nutrient loading levels surpassed the tipping point
predicted by the eco-evolutionary model (T0 p 8:5), the
only possible stable state for the shallow lake is the turbid-
water state. In such situations, recovery of the ecosystem
would require management interventions that substantially
reduce nutrient loading levels due to hysteresis. However,
the timing and extent of interventions needed to achieve
ecosystem recovery will depend on the trait evolution of
macrophytes.

Figure 5 illustrates this by simulating an engineered
reduction in nutrient loading after the lake has shifted to
the turbid-water state (from T0 p 9 to T0 p 5). The re-
duction in nutrient loading causes an immediate recovery
in a lake with no evolving macrophytes when the nutrient
loading crosses the tipping point that marks the transi-
tion from the turbid-water to the clear-water state (T0 p
5:2; green line in fig. 5). However, in a lake with evolving
macrophytes this intervention results in an almost one or-
der of magnitude slower recovery (30,000 days [∼83 years]
with evolution instead of 4,300 days [∼12 years] without
evolution; fig. 5B). This is because macrophytes that are
well adapted to high nutrient loading conditions (T0 p 9)
have low carrying capacity because of resource allocation
trade-offs, and high carrying capacities are possible only
when the trait value is small. Following the decrease in nu-
trient loading, natural selection selects for smaller trait
values, but this response is slow. As a result, by the time
the nutrient loading has reached the minimum (i.e.,
T0 p 5, point i in fig. 5B), the mean trait is just �x p 7:2
and the macrophyte density at the stable equilibrium is
limited to 0.34 (fig. 5C). The rise in macrophyte density
occurs much later, only after the evolutionary process has
driven the mean trait to low values (point ii in fig. 5B),
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followed by an intervention to reduce nutrient loading from 9 to 5 (f p 20:001 per day) starting at time 10,000 days (solid line) and
50,000 days (dashed line). B, Dynamics of the macrophyte density (green lines) and trait (black lines) for the nutrient loading trajectories
in A. The intervention delay (black arrows on top) corresponds to the time elapsed between the collapse (i.e., population density crosses 0.9
in the collapse trajectory) and the start of the intervention, whereas the recovery time (gray arrows on top) corresponds to the time elapsed
between the start of the intervention and the time at which the macrophyte population recovers (i.e., population reaches a density of 0.9 in
the recovery trajectory). C, D, Recovery time after the intervention (C) and average trait value of the macrophyte population at the start of
the intervention (D) as a function of intervention delay. j2

G p 0:05 in A and B; other parameter values are as in table 1.
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and so evolution delays the recovery of the degraded lake
ecosystem.
The delay to ecosystem recovery caused by evolution

raises the question of how andwhen to perform an interven-
tion. The time required to recover the ecosystem following
an intervention depends on the mean trait of the macro-
phyte population at the time of intervention. Because phe-
notypic trait change through evolution takes time, an inter-
vention soon after a transition to the turbid-water state may
be more efficient because evolution otherwise would lead to
adaptation to the turbid state (i.e., stabilizing the turbid state

(fig. 6B). Indeed, as the time between the collapse and the
intervention increases, the mean trait at the onset of the in-
tervention increases, and therefore the time required for re-
covery following the intervention also increases (fig. 6A, 6B).
This delay in recovery depends on the rate of evolution

and thus, in our model, on the amount of genetic variation
(fig. 6C, 6D). As the amount of time before the intervention
increases, the macrophytes adapt to the turbid-water state,
but the degree to which they do so depends on genetic var-
iation (fig. 6C). After the intervention, the delay in recovery
then depends both on trait value at themoment of the inter-
vention and the evolutionary rate determined by the amount
of genetic variation.Overall, our simulations show that with
increasing genetic variation the delay in recovery is reduced
(fig. 6D), with one exception: if the intervention delay is
short, then the setting with low genetic variation can show
the fastest recovery time, because trait change during the in-
tervention delay remained small.

Discussion

Evolutionary Effects on Tipping Points

We show that trait evolution can impact ecosystems with
ASSs by changing the threshold of environmental stress
at which tipping points occur (fig. 1). The possibility that
evolution could shift ecosystem tipping points was pro-
posed by Dakos et al. (2019). Here, we present theoretical
support for this hypothesis using shallow lakes as a model
system, demonstrating that macrophyte evolution can shift
the tipping points to higher levels of environmental stress,
increasing resilience of the shallow lake ecosystem. Our
results, however, also point to a delay in ecosystem recovery
if evolutionary trait change occurs before management in-
terventions take place.
The ecosystem response to a deteriorating environment

depends not only on the tipping points but also on the in-
teraction between the rates of environmental change and
evolution. Specifically, when environmental stress increases
slowly and the evolutionary process is fast, adaptive evolu-
tion of macrophytes prevents ecosystem collapse (fig. 2).
Conversely, a collapse to the turbid-water state occurs when
there is a fast increase in environmental stress and the evo-
lutionary process is comparatively slow (fig. 4). Genetic var-
iance of fitness-related traits defines the “speed” of adaptive
evolution; in wild populations, most estimates of genetic
variance of fitness-related traits are typically below 0.1
(Hendry et al. 2018; Bonnet et al. 2019). In our simulations,
both the transient collapse and the no-collapse scenarios
occur for values of genetic variance below 0.1, suggesting
that for the rates of evolution enabled by these values of ge-
netic variance, ecosystem collapse may be avoided only if
environmental stress increases slowly.

Table 1: State variables and model parameters, their units,
and values

Symbol Unit Value

State variables:
Macrophyte density M g/m3 . . .
Algae density A g/m3 . . .
Trait affecting com-
petitive ability of
macrophytes (e.g.,
photopigment
synthesis) x . . .

Evolving trait
(nonnegative)

Parameters:
Nutrient loading
(measured as carry-
ing capacity of algae) T0 g/m3 Varieda

Growth rate of algae rA day21 .1
Effect of macrophytes
on algae hM g/m3 .2

Growth rate of
macrophytes rM day21 .05

Carrying capacity of
macrophytes K g/m3 1

Exponent in the Hill
function P . . . 4

Genetic variance in
the macrophyte
population j2 p j2

G . . . Varieda

Optimal trait value
under low turbidity v . . . 0

Width of Gaussian
distribution for
decreasing perfor-
mance with x t . . . 5

Background effect of
algae onmacrophytes hA0 g/m3 2

Scaling exponent of
the half-saturation
parameter l . . . .1

Rate of environmental
stress φ day21 Varieda

a Values of the varied parameters are specified in each figure legend.
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The introduction of evolutionary dynamics in the shal-
low lake ecological model makes the system sensitive to
the rate of environmental change. While in the ecological
model alone the ecosystem collapse occurs only when
nutrient loading exceeds a certain magnitude, in the eco-
evolutionary model such collapse can also be caused by
the rate at which nutrient loading increases. This is the con-
sequence of the different timescales at which ecological
(fast) and evolutionary (slow) dynamics occur. In general,
dynamical systems that have processes operating on differ-
ent timescales are sensitive to both the magnitude and the
rate of change of parameters (Ashwin et al. 2012). Similar
dynamics have been described in other systems that have
ecological processes occurring at different timescales (Van-
selow et al. 2019; Gil et al. 2020).
Our results show that even when the collapse occurs,

gradual evolutionary trait change can return the ecosystem
to its precollapse state (fig. 3). Selection can drive the trait
value beyond the tipping point that marks the transition
to the clear-water state, resulting in evolutionary recovery
of the ecosystem. Similar evolutionarily driven regime shifts,
such as the one causing the evolutionary recovery in the
shallow lake, have been documented in communities with
intraguild predation (Patel and Schreiber 2015) and in com-
munities connected through species with complex life cycles
(Chaparro-Pedraza and de Roos 2020). However, if there
are barriers to evolution, such as the absence of genetic var-
iation or interference from trade-offs with responses to other
selection pressures, the ecosystem can stay “trapped” in the
turbid-water state. Although theoretically this evolution-
arily driven regime shift enables the recovery of macrophytes
from a state of very low density, demographic stochasticity
could lead the population to extinction before the evolution-
ary process can drive the trait value beyond the tipping point
that marks the transition to the clear-water state. Therefore,
management measures should focus on maintaining large
population sizes and genetic variability to prevent both demo-
graphic stochastic effects and genetic erosion. Such measures
may include, for instance, introduction of genetic variants
from diverse regional sites to increase genetic diversity of
the macrophyte population at the time of the intervention.
Evolution can also have undesired effects in ecosystems

with ASSs.We find that evolution can actually delay ecosys-
tem recovery following a management intervention. Be-
cause ASSs correspond to qualitatively different ecological
conditions (Scheffer 2009), selective pressures in the alterna-
tive states may greatly differ. We find that adaptation to the
degraded state (i.e., the turbid-water state), although en-
abling the persistence of the macrophyte population in this
state, delays the recovery of the ecosystem when conditions
ameliorate (fig. 5). This is because of a trade-off between
shading tolerance and performance. Similar negative effects
caused by adaptation to degraded conditions have also been

reported in response to pulse perturbations (Lyberger et al.
2020). Following an intervention to ameliorate environmen-
tal conditions, gradual evolutionary change drives the adap-
tation of the organisms present in the degraded ecosystem to
the novel and improved conditions. Such an evolutionary
process occurs slowly compared with the ecological dynam-
ics, and as a consequence, ecosystem recoverymay be slower
than in systems without evolution. Tipping point theory
predicts a regime shift back to the clear-water state to occur
“fast” once the environmental conditions are restored to a
level beyond the tipping point that marks the transition
from the turbid-water state to the clear-water state (Scheffer
et al. 2001; Scheffer and Carpenter 2003; Folke et al. 2004).
In contrast, our results indicate that evolutionary change can
transform such a regime shift in a more gradual response
because the traits underlying ecosystem responses change
slowly. Various mechanisms have been identified to under-
lie the slow unfolding of regime shifts after a tipping point
has been exceeded (Hughes et al. 2013), including ecological
processes that occur at different timescales. We here find
that this transient behavior can also be caused by the inter-
action of ecological and evolutionary processes.
The delay in the recovery of a degraded ecosystem after

an intervention has important implications for ecosystem
management and policy. Our results show that once a
bistable ecosystem shifts, recovery back to the desired state
may be orders of magnitude slower if important organisms,
such as macrophytes, have adapted to the undesired state
prior to the management (fig. 6). Thus, rapid restoration af-
ter a regime shift might be crucial to increase the chances of
a fast recovery. Alternatively, loss of trait variation during
the collapse may delay adaptation to the undesired state,
which would then prevent the delay in recovery after an in-
tervention. In general, our results indicate that a long delay
in the intervention after a regime shift may often be detri-
mental for the recovery time, and even more detrimental
when trait variation is low.Measures aiming at restoring de-
graded ecosystems should therefore focus on a fast interven-
tion to ameliorate conditions, in combination with conser-
vation or introduction (e.g., through transplantations) of
genetic variants that are well adapted to the desired state.

Limitations and Future Directions

The shallow lake model we use serves as a first step to un-
derstand how ecological, evolutionary, and stress dynamics
interact in ecosystems with ASSs. Although macrophytes
play a key role in the maintenance of the clear-water state,
it is reasonable to speculate that evolution of competitive
traits in algaemay also shift ecosystem tipping points, prob-
ably reducing the increased resilience that onlymacrophyte
evolution confers. Perhaps transient dynamics will be af-
fected not only by such shifts in tipping points but also
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by the very distinct generation times that algae and macro-
phytes have and how these differentially influence evolu-
tionary rates. The effects of evolutionary processes of mul-
tiple interacting species on ecosystem tipping points and
their associated dynamics need further investigation.
We adopt an ecological model that has been broadly used

to describe the shallow lake ecosystem dynamics as the basis
of our eco-evolutionary model. This model belongs to a
group of models that assumes population size to be infinite,
precluding the possibility of demographic stochasticity. On
the one hand, this simplifying assumption facilitates an
extensive mapping of qualitative system dynamics. On
the other hand, effects of demographic stochasticity are ne-
glected even though they may be consequential for popula-
tions at the brink of extinction (Lande 1993), for example,
following a catastrophic collapse due to a regime shift. In
addition, following standardmodelingmethods of quantita-
tive genetics, we assume heritable trait variation to remain
constant. Population size, however, may influence standing
genetic variation. Heritable trait variation might therefore
changewith changes in population size, such as those caused
by a collapse following a regime shift. Heritable trait varia-
tion mainly influences the evolutionary rate (Lande 1976)
and has a small effect on the evolutionary end point that
corresponds to the trait value where the fitness gradient
vanishes (see eq. [4]). We therefore expect that variability
in trait variance does not have a significant effect on the as-
ymptotic behavior of the system and thus on the location of
the tipping points. However, it likely alters the transient be-
havior of the system.
Our study focuses on the effects of evolutionary trait

change in ecosystems with ASSs. However, adaptive trait
changes that enable species to persist locally despite en-
vironmental change can also be mediated by phenotypic
plasticity (Gienapp et al. 2008; Turcotte and Levine 2016).
Evolutionary trait change is characterized by selection of
existing heritable variants that are capable of coping with
the novel conditions, whereas trait change due to pheno-
typic plasticity is mediated by the expression of different
phenotypes in different environmental conditions by a sin-
gle genotype. Evolutionary change can take generations,
whereas trait changes mediated by phenotypic plasticity can
occurwithin the life spanof anorganism.Hence, trait changes
mediated by phenotypic plasticity occur on a timescale more
similar to that of ecological processes than trait change me-
diated by evolutionary processes. However, even when phe-
notypic plasticity is the only mechanism underlying trait
changes, adaptive changes might not be instantaneous, and
thus tracking the environment is not possible when it changes
quickly (Stomp et al. 2008). How fast trait changes mediated
byphenotypicplasticity alter the short- and long-termdynam-
ics of the system and the likelihood of regime shifts—andhow
this interactswith trait changesmediated by evolution, includ-

ing evolution of phenotypic plasticity—needs further inves-
tigation. We expect a reduced legacy effect of trait changes,
likely resulting in a reduced delay in recovery compared
with the dynamics we modeled here.
Environmental change is occurring at an unprecedented

rate (Steffen et al. 2004) and is likely to increase the frequency
and severity of regime shifts in ecosystems (Drijfhout et al.
2015; Steffen et al. 2018). It is therefore of utmost impor-
tance to gain insight into the processes governing this phe-
nomenon under environmental stress. By considering trait
evolution of a key species in a shallow lake ecosystem, we
demonstrate how evolutionary processes can be integrated
into the study of regime shifts and resilience not only for
shallow lakes but also for ecosystems in general. We have
identified the balance between the rates of environmental
change and evolution to be crucial factors triggering cata-
strophic regime shifts when environmental stress approaches
a tipping point. Our findings suggest that ecosystem restora-
tion measures may be more effective when implemented
quickly after a regime shift and that high diversity of genetic
variants can increase the chances of a fast recovery. This
highlights the urgency tomitigate the effects of global change
and loss of phenotypic diversity in ecosystems.
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