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In the face of growing human impacts on ecosystems, scientists and managers recognize
the need to better understand thresholds and non-linear dynamics in ecological systems
to help set management targets. However, our understanding of the factors that drive
threshold dynamics, and when and how rapidly thresholds will be crossed is currently
limited in many systems. In spite of these limitations, there are approaches available
to practitioners today—including ecosystem monitoring, statistical methods to identify
thresholds and indicators, and threshold-based adaptive management—that can be
used to help avoid reaching ecological thresholds or restore systems that have crossed
them. We briefly review the current state of knowledge and then use real-world examples
to demonstrate how resource managers can use available approaches to avoid crossing
ecological thresholds. We also highlight new tools and indicators being developed that
have the potential to enhance our ability to detect change, predict when a system is
approaching an ecological threshold, or restore systems that have already crossed a
tipping point.
Keywords: thresholds, early warning indicators, non-linear change, resilience, tipping point, recovery

INTRODUCTION
Non-linear threshold responses are common in ecological systems (Scheffer et al., 2001a; Knowlton,
2004), driven by both natural and human-induced pressures on ecosystems. Threshold responses
are characterized by a rapid, non-linear change in the ecosystem in response to an environmental
pressure. As the number, extent, and intensity of human impacts expand (Halpern et al., 2008,
2015), strongly non-linear responses in ecosystems become even more likely (Crain et al., 2008),
and can lead to unwanted shifts in ecosystem state, slow recovery of systems back to desired states
(Hughes, 1994; Hughes et al., 2013b), and altered ecosystem function and delivery of services
(Folke et al., 2004). Research addressing potential threshold responses of ecosystems to human
pressures has increased in the last decade, and has largely focused on identifying drivers and
mechanisms of observed shifts, investigating what confers resilience to ecosystems, and developing
early warning indicators that could help scientists and practitioners identify ecological thresholds
before they are crossed (Scheffer et al., 2001b; Hughes et al., 2013b). This research holds great
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THRESHOLD RESPONSES AND
ECOSYSTEM DRIVERS

promise for strengthening ecosystem management practices
to avoid dramatic and unwanted shifts in ecosystem state.
Indeed, identifying thresholds can enhance environmental
decisionmaking and management because they provide
opportunities for managers to set non-arbitrary targets and
reference points (Suding and Hobbs, 2009; Samhouri et al.,
2011). For most practitioners, however, the research remains
too theoretical or impractical to implement, despite being
encouraged or even mandated by law (Kelly et al., 2015).
Incorporating ecological thresholds into management can be
a daunting task. In many ecosystems we have limited ability
to predict if a threshold exists, when and how rapidly it will
be crossed, and if positive feedback loops that entrain the new
state will develop. Uncertainty in our assessment of ecosystem
traits, pressures that push systems toward thresholds, and how
they affect management or restoration decisions adds to the
challenge of managing ecosystem thresholds (Huggett, 2005). Yet
ignoring them is risky. Recent syntheses show that non-linear
responses are common (Burkett et al., 2005; Karr et al., 2015;
Hunsicker et al., in press; Kappel et al., in review), and examples
from around the world show that incorporating information
about threshold behavior into resource management can facilitate
improved management outcomes (Kelly et al., 2014). Major
advances in threshold science provide new opportunities for
practitioners to employ a wide range of methods to examine the
dynamics of ecosystems before and after they cross thresholds
(Wang et al., 2012; Kéfi et al., 2014), monitor ecosystem
indicators that provide early warning of impending change
(Samhouri et al., 2009; Tomczak et al., 2013), and uncover
the mechanisms and drivers responsible for ecosystem shifts
(Scheffer et al., 2009).
To facilitate transfer of ecological threshold science out of the
often technical and specialized realms of theory, modeling, and
experimentation and into the realm of practical implementation,
we provide an accessible overview of approaches to identify
ecological thresholds and their indicators. Throughout, we use
examples to demonstrate how this science is being applied
today. We also highlight new approaches and tools that are
being developed that are likely to advance the identification
and use of thresholds in management. While some of these
approaches and tools are complex and data intensive, we
think it is important to highlight them in the context of
this review. Threshold science is a rapidly evolving field that
has many challenges to overcome, but the insights it can
provide are urgently needed to address current resource use and
management problems. Managing for thresholds goes hand-inhand with increasing calls for practitioners to use an ecosystembased management framework to address cumulative impacts
of multiple stressors, account for the complexities of coupled
socio-ecological systems, and sustainably manage emerging uses
(McLeod and Leslie, 2009; Halpern and Fujita, 2013). This
synthesis provides key information and perspectives necessary
to retool traditional management strategies and integrate
techniques that will facilitate more holistic and successful
ecosystem-based management in the future. To avoid confusion
over terminology, Table 1 contains a glossary of terms and
definitions we use throughout this paper.
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Interactions between ecosystem state, pressures, and rate of
change can determine the trajectory a system follows and how
quickly that change occurs (Bestelmeyer et al., 2011). In general,
an ecosystem can respond one of three ways when exposed
to a pressure or combination of pressures—with a linear (or
smooth), continuous threshold (or abrupt), or discontinuous
threshold (hysteretic) response (Figure 1). Of the three types,
abrupt and hysteretic threshold responses are of most concern
for management because changes in ecosystem state or function
tend to occur abruptly with a small change in a given pressure
(Figures 1B,C,E,F), and are therefore more difficult to predict.
Hughes et al. (2013b) demonstrated that ecosystem response
can be more complex than these three responses. In some
slow-responding systems, ecosystem components may continue
to change linearly after the threshold of pressure(s) has been
exceeded and exhibit non-linear change well after the tipping
point has been crossed. Systems that exhibit hysteresis—those
that can exist in two or more alternative states under the
same environmental conditions (Scheffer et al., 2001a)—are
of particular concern because they do not recover along the
same pathway when the pressure is reduced or removed from
the system (Suding and Hobbs, 2009; Figure 1C). In addition,
ecosystem recovery along these alternate pathways is often slower
and may require multiple pressures to be reduced (Box 1). For
example, overfishing of zooplanktivorous fish from the Black
Sea changed the abundance and composition of the zooplankton
community. Despite management intervention to reduce fishing
pressure, the key driver, the system did not return to its original
state because a positive feedback loop involving changes in
productivity and predator-prey dynamics shifted the system to
a stable, alternative state (Daskalov et al., 2007). Slow-responding
and hysteretic systems underscore the need for understanding
ecosystem dynamics and interactions between pressures and
ecological components so that more effective, targeted strategies
can be developed, such as disrupting or preventing positive
feedback loops from becoming established (Nyström et al., 2012).
Pressures, or drivers, acting on ecosystems are numerous and
occur over multiple temporal and spatial scales. Drivers can be
proximal, such as disease outbreaks on coral reefs, or distal, such
as changing global temperatures, agricultural land use, or market
pricing (Mora, 2009; Kittinger et al., 2012). Drivers can also occur
on local (e.g., pollution, resource harvesting) to global spatial
scales (e.g., climate change, biogeochemical cycle alteration).
The spatial scale at which drivers operate and how quickly the
system responds to those drivers, in part determine the type of
threshold dynamic a system is likely to exhibit and the potential
for successful restoration (Osman et al., 2010; Walker et al.,
2012; Hughes et al., 2013b). Identifying threshold changes within
the complex landscape of interacting drivers and ecological
processes is challenging but necessary to provide practitioners
with guidance on the types of ecosystem features and interactions
that are important to ecosystem resilience (e.g., Foley et al., 2010)
and the combinations of drivers that are likely to push a system
over a threshold.
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TABLE 1 | Glossary of terms used.
Term

Definition

Driver

Any natural or anthropogenic process, event or activity that causes a pressure in the ecosystem resulting in a change in ecosystem process,
component, function, property or service (Knights et al., 2013). Includes proximate drivers, such as coral bleaching, and distal drivers, such as
climate change

Early warning indicator

Measurements of a system that provide early warning of an event (threshold)

Ecological threshold

A zone or point of rapid, non-linear change in any state variable or parameter of an ecosystem (e.g., habitat loss, nutrient cycling, or population
viability threshold) in response to an environmental pressure. The non-linearity implies that small changes in an environmental driver can
produce large ecological responses (Huggett, 2005; Groffman et al., 2006; Suding and Hobbs, 2009)

Feedback

An ecological process that reinforces or degrades resilience of a stable state (Briske et al., 2006). Positive feedbacks amplify the amount of
change the system will experience in response to a small perturbation, whereas negative feedbacks dampen the effects of perturbations,
counteracting the change (Suding and Hobbs, 2009)

Hysteresis

When the pathway of recovery of an ecosystem differs from its pathway of degradation (Suding and Hobbs, 2009)

FIGURE 1 | Relationship between ecosystem state and time with respect to an environmental pressure in systems that exhibit (A) linear response
(smooth), (B) a continuous threshold (abrupt), or (C) a discontinuous threshold (hysteresis). Dashed gray lines indicate where the system exhibits a
non-linear threshold response. Examples of systems that have shown these dynamics: (D) linear tracking of krill abundance to the Pacific Decadal Oscillation
(Bestelmeyer et al., 2011); (E) seagrass habitat threshold changes due to a reduction in freshwater flow to Florida Bay (see “Case Study” section); and (F) the Black
Sea fishery’s lack of recovery when fishing pressure was reduced, due to feedbacks that stabilized an alternate state (Daskalov et al., 2007).

MANAGING FOR THRESHOLDS TODAY

monitoring to assess progress toward management objectives,
(2) explicitly considering the potential or known threshold in
management decisionmaking, and (3) managing drivers and
ecosystem responses at the appropriate spatial scale. We build
on this work by reviewing our current scientific knowledge
behind the diverse suite of approaches being used in a range
of locations. These examples demonstrate that in many types
of systems it is possible to successfully avoid or recover
from crossing ecological thresholds using existing management
strategies.

In spite of the challenges associated with identifying thresholds,
and the complexity of ecosystems, practitioners are currently
using an array of methods to implement threshold-based
management with some success. Kelly et al. (2014) reviewed
51 management case studies from systems that demonstrated
threshold behaviors. They found that successfully avoiding a
threshold or recovering after a tipping point was crossed was
correlated with three features: (1) using routine ecosystem
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BOX 1 | USING TIME-SERIES DATA TO UNDERSTAND ECOSYSTEM RESPONSE TO MULTIPLE DRIVERS.
Multiple drivers may combine to push an ecosystem toward a threshold or prevent recovery after a threshold has been crossed. Time-series data can help managers
understand what changes have occurred historically and what management options may be most effective for ecosystem recovery.
Elkhorn Slough, California, USA
An analysis of long-term time-series data from the Elkhorn Slough estuary in California showed a shift from an eelgrass-dominated to a crab-dominated ecosystem,
as nutrient concentrations increased and sea otter numbers declined. Using these data, along with spatial data and experimental research, researchers revealed that
the presence and abundance of key functional groups can be critical to the recovery of an eelgrass system that has been exposed to nutrient pollution. Contrary
to expectations, nutrient reductions alone did not result in eelgrass recovery in the slough. After being hunted to near extinction, the reintroduction of sea otters to
Central California began to effect change in the slough through a trophic cascade. Otters preyed on crabs, releasing many grazers from predation pressure. The
growing population of grazers, in turn, reduced the amount of algae growing on the eelgrass, allowing it to flourish. In this example, both a reduction in nutrients and
the reintroduction of a top predator were required to mitigate the effects of nutrient pollution (Hughes et al., 2013a).
Baltic Sea, Europe
Time-series data from the Baltic Sea showed a dramatic pelagic food web shift in the late 1980s to early 1990s. A shift in the North Atlantic Oscillation (NAO) altered
thermal, salinity, and nutrient regimes of the Baltic Sea (Alheit et al., 2005; Möllmann et al., 2009). This, in combination with overfishing, disrupted the four level trophic
cascade—including cod (piscivore), sprat (zooplanktivore), zooplankton, and phytoplankton—that had characterized the system for decades (Casini et al., 2009). The
combination of climate–and human-induced pressures on the Baltic Sea ecosystem resulted in a new ecosystem state characterized by hysteresis, where continued
fishing pressure and a high abundance of sprat prevented the recovery of cod and reestablishment of the original trophic cascade even after hydrological conditions
were again favorable for cod larvae (Lindegren et al., 2010).

Using Monitoring and Indicators to
Measure Progress

diversity and coral cover, and increased macroalgal cover. In this
system, reductions in fish biomass are therefore a good potential
indicator of forthcoming ecosystem shifts. Similar to research
from the Indian Ocean (McClanahan et al., 2011), Karr et al.
discovered that at two particular levels of fish biomass (50 and
30% of the mean unfished biomass in Caribbean no-take marine
reserves, respectively), clusters of ecosystem condition metrics
exhibited threshold responses. When fish biomass fell below the
first threshold (50% of mean unfished biomass) they observed
decreased fish species richness and increased macroalgal cover.
When fish biomass fell below the second threshold (30% of mean
unfished biomass) additional changes were detected, including
reduced coral cover and urchin and herbivorous fish abundance
and higher ratios of macroalgae to coral (see Figure 3 in Karr
et al., 2015), indicative of a phase shift to algal dominance.
Importantly, fish biomass thresholds and indicators were robust
across scales (i.e., similar patterns are seen at local and regional
scales) and can be used in data-limited systems. Using fish
biomass as a threshold indicator shows promise for managing
Caribbean coral reef health because proactive reef management
is possible in areas where thresholds have not been crossed. In
addition, monitoring costs to track fish biomass are relatively low.

Successful monitoring activities focus on identifying relevant
ecosystem variables and tracking them on temporal and spatial
scales relevant to the ecosystem threshold (Biggs et al., 2009).
Consistent and timely monitoring of ecological components and
processes is one of the main activities scientists and practitioners
can perform to avoid ecological thresholds. Ecological changes
that may be indicative of an approaching threshold include loss
of key functional groups (e.g., primary producers, top predators,
habitat-forming species), changes in community composition
(e.g., species invasion), loss of species diversity, and reduced
connectivity between systems and populations (Suding and
Hobbs, 2009). Actively monitoring ecological metrics on relevant
temporal and spatial scales is vital for practitioners to decipher
drivers of ecosystem change, anticipate upcoming shifts, and
trigger appropriate, proactive management actions, particularly
when mitigation is not an option. In addition to monitoring
data, historical ecological analysis and long-term datasets can
provide insights on which ecosystem processes are most critical
to maintain in order to avoid a tipping point or recover from a
shift in ecosystem state (Box 1). Using these ecosystem features
as a guide, practitioners can develop an integrated understanding
of how drivers are likely to affect key features of the ecosystem
and determine whether increasing or maintaining the type and
intensity of pressures is likely to result in threshold behavior, and
evaluate the relative impact of alternative management actions by
being cognizant of which pressures drive ecosystem shifts, which
are controllable, and how quickly a system may react to a change
in drivers.
For example, scientists and managers are currently developing
ecosystem indicators for Caribbean coral reefs based on threshold
responses of the ecosystem to overfishing (Karr et al., 2015).
By analyzing monitoring data from a large number of sites that
span a gradient of fishing intensity and reef condition, Karr
et al. found that lower fish biomass was correlated with several
other ecosystem condition variables, including decreased fish
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Practicing Proactive, Threshold-based
Adaptive Management
Timing of management intervention is critical to avoid a tipping
point or restore a system that has already crossed one (Biggs et al.,
2009). In some cases, it may be necessary to quickly implement
management actions to avoid a tipping point. However, many
management and political paradigms are not structured to
support rapid decisionmaking and are often reactive rather than
proactive. In many cases, this leads to thresholds being crossed
rather than avoided, and leaves practitioners with the impractical
and sometimes impossible task of trying to restore ecosystems to
their previous state. In addition, the speed that a system responds
to management intervention can vary depending on how quickly
the system reacts to changes in external drivers (Hughes et al.,
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2014). In some cases, however, processes and drivers operating at
larger scales can override the effects of small-scale management
intervention or lead to unintended consequences (Walker et al.,
2012). To the extent practical, practitioners should design and
implement management actions aligned with the spatial scale
of the driver they are targeting and the observed ecosystem
response, while remaining aware of the potential for larger scale
interactions. We contrast two examples below to show how
these ideas have been used in management contexts. While these
case studies come from two terrestrial systems, the methods
used and lessons learned are highly transferrable to marine
systems.
Scientists working in the Great Basin sagebrush rangelands
in the western U.S. developed ecosystem state transition models
that incorporated the ecological complexity of the system and
quantified a number of biotic and abiotic thresholds driven
by fire regimes, invasive species, and climate (Allen-Diaz and
Bartolome, 1998; Briske et al., 2005; Petersen et al., 2009).
Using these models, scientists deduced that cattle overgrazing
the grasslands drove the system to cross a threshold of
woody species abundance, leading to an increase in wildfire
frequency, and intensity (Figure 3). The system reached a
second threshold following significant erosion of the understory
by fire, resulting in an overabundance of invasive grasses.
Scientists developed models at the spatial scale of the ecosystem
components most valued by managers, helping them identify
the most management-relevant indicators for the system, such
as percent bare ground between perennial native plants. In
this system, however, solely understanding the spatially relevant
dynamics was not enough to prevent continued overgrazing and
subsequent threshold changes within invasive species–and firedriven regimes. Applying threshold science in this context proved
to be more complex than Florida Bay in part because the spatial
scale of the system is larger, there are multiple agencies involved
in managing the system, and some drivers (e.g., climate change)
are not aligned with the scales of management.
In many systems, it is likely that a combination of ecological
features, threshold-based management, and spatially appropriate
management will result in successful avoidance or recovery
from non-linear threshold responses. Eglin Air Force Base in
Florida, USA, has undertaken a massive restoration effort in
recent years to facilitate the recovery of longleaf pine (Pinus
palustris). At Eglin, the scale of management was closely matched
to the scale of the longleaf pine ecosystem and the drivers—
changes to local fire and soil disturbance regimes—that originally
pushed the system beyond a tipping point (Hardesty et al., 2000).
Longleaf pines historically covered much of the southeastern
U.S. but were replaced by other, less fire-dependent species as
fires were suppressed and the fire interval increased from years
to decades (McCay, 2000). Isolated stands of longleaf pines
existed at the base but were outcompeted by sand pines (Pinus
clausa), which do not require fire for seed germination. After a
multi-million dollar weapons testing contract was rejected due
to Eglin’s inability to describe potential impacts to the federally
endangered red-cockaded woodpecker (Picoides borealis), which
relies on longleaf pines for critical habitat, resource managers at
Eglin developed a management plan to restore the population of

2013b). Some pressures have the potential to be eliminated
quickly (e.g., by closing a fishery), but it may take years until
effects of that action are seen on a system-wide scale, because
ecosystem processes may respond to a management action on
a slower time scale than drivers (Carpenter et al., 1999; Biggs
et al., 2009). Implementing an adaptive management process
that supports timely and responsive management actions that are
tied to changes in ecosystem metrics helps promote prospective
threshold-based management and can enhance management
outcomes (Kelly et al., 2014).
The South Florida Management District used an adaptive
management approach to identify what caused the Florida Bay
ecosystem to undergo dramatic ecological changes and develop
a recovery plan to avoid threshold responses in the system.
Upstream land use changes in the 1970s caused salinity in
Florida Bay to increase, eventually leading to a mass seagrass
die-off in the late 1980s (Zieman et al., 1999; Gunderson,
2001; Madden et al., 2009). Loss of seagrass altered a suite of
ecosystem conditions, including lower dissolved oxygen, higher
nutrient concentrations, and reduced abundance of key grazers
(Figure 2; Zieman et al., 1999). The system ultimately crossed a
threshold into a new state where phytoplankton blooms began
to plague the bay and commercially important fish populations
plummeted (Zieman et al., 1999; Madden et al., 2009). Regional
management authorities ultimately determined that increased
salinity was the primary driver of seagrass mortality and broader
ecosystem change. The South Florida Management District
subsequently implemented the Minimum Flows and Levels
program (F.A.C., 2012) to monitor freshwater inputs to the
bay. When freshwater flows drop below a specific management
target, upstream agricultural and municipal users are prohibited
from diverting water. Managers also track ecological indicators
of seagrass health, including distribution, cover, and species
composition on a weekly basis. These data are used to determine
efficacy of target-based control rules around water delivery and
are critical for evaluating and adjusting management to avoid
future tipping points (Rudnick et al., 2005; Madden et al., 2009).
Through successful identification of the primary driver of change,
ecosystem monitoring, and adaptive management actions, the
South Florida Management District was able to control the driver
and substantially improve health and stability of the seagrass
community in the bay.

Managing Drivers and Ecosystem
Response at Appropriate Scales
Smaller jurisdictional scales may have greater success meeting
threshold-based targets than systems managed at larger scales
(Kelly et al., 2014). The absolute size of “small” vs. “large” is
likely to be related to the scale of the driver that is pushing a
system toward a tipping point. Scheffer and Carpenter (2003)
found that primary pressures in some small-scale systems, such
as lakes, are more tractable from a management standpoint
because local inputs can be regulated more quickly and effectively
than regional inputs. Marine protected areas may be an effective
management strategy for managing drivers and ecosystem
response at small scales, as well as increasing the resilience of
the ecosystem at larger scales (Ling et al., 2009; Dixson et al.,
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FIGURE 2 | The dynamics and structure of Florida Bay before (A) and after (B) crossing a threshold. The upper gray text bubbles between states denote
drivers that pushed the system across a threshold and lower bubbles denote management action taken that restored the systems to its previous state.

FIGURE 3 | The dynamics and structure of Sagebrush grasslands in Nevada before (A) and after (B) crossing a threshold. The upper gray text bubbles
between states denote drivers that pushed the system across a threshold. No management actions were taken in this system.

fine-tune fire regimes over time. Eglin Air Force Base now
has the largest stand of longleaf pines in the U.S. and is a
site of critical conservation importance (Hardesty et al., 2000).
This management effort was largely successful because the
scales of driver and ecosystem response were closely aligned,
external drivers were minimal, monitoring occurred regularly,
and management plans were adapted over time using data from
experimental plots and models.

longleaf pines. One of the main components of the plan, which
was informed by scientific experiments and modeling, was a burn
regime timed to better match the longleaf pine life cycle and
targeted in areas that were suitable habitat for longleaf pines
(Hardesty et al., 2000). By reintroducing fire to Eglin, managers
reintroduced a driver in order to foster conditions that were
present prior to the ecosystem shift. Managers and scientists
also monitored recovery and used adaptive management to
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METHODS AND TOOLS IN DEVELOPMENT

to determine key periods of ecosystem change, followed by
STARS analysis to identify the threshold (Möllmann et al.,
2009; Tomczak et al., 2013). Redundancy analysis is a similar
approach that can account for non-linear relationships between
drivers and ecological responses (Makarenkov and Legendre,
2002; Borcard et al., 2011). Perry and Masson (2013) used
RDA to analyze regime shifts in the Salish Sea. They identified
a set of six explanatory variables (Chinook salmon hatchery
releases, recreational fishing effort, human population size, sea
surface temperature, wind, and the North Pacific Gyre Oscillation
index) as good predictors of regime shifts. Other methods like
boosted regression trees are also being used to identify potentially
significant indirect and direct effects in ecosystems, and facilitate
hypothesis-driven experimental and observational studies (Elith
et al., 2008; Jouffray et al., 2015). While these approaches
can be used to identify potential early warning indicators for
monitoring ecosystem change, one disadvantage is that they are
correlative and thus do not consider directionality (e.g., fishing
effort could both influence and be influenced by ecosystem
condition).
There are additional multivariate approaches that are better
suited to detect patterns in time-series data. For example,
dynamic factor analysis (DFA) is a dimension-reduction
technique that can be used to examine relationships between
response and explanatory variables (Zuur et al., 2003). Scientists
have applied DFA to compare trends across ecosystems (Link
et al., 2009) and to identify the major drivers of ecosystem
changes, such as relationships between warmer sea surface
temperatures and higher salmon abundance in the Gulf of Alaska
and eastern Bering Sea (Stachura et al., 2013). Multivariate
autoregressive state-space models (MARSS) can be used to
examine how non-linear responses in ecological communities
are related to biotic processes and changes in exogenous
drivers (Hampton and Schindler, 2006). The strength of MARSS
models is that they can focus attention on key drivers of
community change and quantify interaction strengths among
drivers. Choosing among these models will depend on the
question of interest, the data type, and model assumptions.
While these statistical approaches can be used to identify
correlations among drivers and responses, other methods
go beyond correlation and can be used to determine the
directionality of these relationships. One powerful technique for
this is structural equation modeling (SEM), which enhances the
ability to distinguish between alternative hypotheses, examining
how properties of the ecosystem will respond to a set of direct
and indirect drivers (Grace, 2008; Grace et al., 2010). For
example, applying SEM to both experimental and observational
data, Elahi and Sebens (2012) found that sea urchins are
predominantly responsible for creating available space in rocky
subtidal ecosystems by grazing algae, but other grazers (i.e.,
chitons) also play an important role, suggesting the system
has some redundancy in the grazer functional role, which may
change the threshold dynamics of the system. The SEM approach
is flexible (Grace, 2008) but requires significant data inputs and a
good a priori understanding of the system (Grace et al., 2010).
In many ecosystems, the potential for threshold dynamics was
discovered only in hindsight by applying these or other statistical

The above examples highlight some of the ecological indicators
and adaptive approaches already being used to aid management.
To advance the science and application of ecosystem thresholds
in resource management, scientists are working to develop
additional tools that may improve our ability to determine if
threshold behavior is likely to occur in an ecosystem, identify
drivers, and estimate how quickly a threshold is approaching.
To develop these tools, scientists are using evidence from
systems that have exhibited threshold dynamics and adapting
analytical tools and approaches from economics, climatology,
and ecological modeling. In most cases, these analytical
techniques use either spatially or temporally replicated data
representing metrics of ecosystem condition, anthropogenic
driver levels, and environmental factors that contribute to
“background” variation in ecological state to account for
noise in driver-response relationships. Non-parametric statistical
methods that make no a priori assumptions about the shape of
relationships are generally used to examine these datasets and
characterize driver-response relationships. Below we describe
some of the methods (Table 2) that are being used to derive
estimates of thresholds (e.g., change-point analyses, redundancy
analyses), understand what drives systems across thresholds
(e.g., multivariate autoregressive state-space models, structural
equation modeling), and develop early warning indicators of
change (e.g., rising autocorrelation and variance). Each approach
has its strengths and limitations, including aspects of data
requirements, directionality, and applicability.
Correlational analysis can be used to fit non-linear
relationships between drivers and ecosystem condition by
assessing the levels of potential drivers at all sites (or time
points). Generalized additive models (GAMs) are the most
common statistical method used to examine such relationships,
using effective degrees of freedom as a measure of the strength
of non-linearity. Change-point analysis—sequential t-tests on
the mean (STARS) or second derivatives—can then be used
to identify the point of inflection or threshold in a non-linear
relationship. For example, Cury et al. (2011) used GAMs to
establish numerical relationships between seabird breeding
success and prey abundance and then applied change-point
analysis to find the most likely point at which the slope of the
relationship changed, i.e., the threshold level of prey abundance
that resulted in a rapid change in breeding success (see Figure
2A in Cury et al., 2011 for example of GAM and change-point
analysis results). Their analysis resulted in a rule of thumb they
called “one-third for the birds,” which provides a simple and
quantitative target for managers to consider when evaluating
forage fish abundance and determining allowable catch.
Multivariate statistical tests such as principal components
analysis (PCA) and redundancy analysis (RDA) are also useful
for examining relationships between drivers and ecological
responses, identifying regime shifts, and, in combination
with change point approaches described above, determining
thresholds, particularly in multivariate datasets. For example,
scientists have identified regime shifts in the Central Baltic
(see Box 1) by applying PCA to environmental time-series data
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Output

Strengths
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Identifies indirect effects
Facilitates experimental and
observational studies of ecosystem
effects

Principal components analysis (PCA) Identifies key periods of ecosystem
change and associated driver(s)

Boosted regression trees

Correlative
No directionality of relationships

Predicts how an ecosystem is likely to Predicts directionality and strength of
respond to changes in direct and
relationship between driver and
indirect drivers
ecosystem response
Accommodates wide range of data
types
Allows for incorporation of feedback
loops and two-way interactions

Structural equation modeling (SEM)

Software and code

gbm R package

Princomp and prcomp in the R
Stats package

sem R package

(Continued)

Zuur et al., 2003; Hampton MAR1 and MARSS R
and Schindler, 2006;
packages
Holmes et al., 2012;
Matlab code (Ives et al., 2003)
Hampton et al., 2013

De’ath, 2007; Elith et al.,
2008

Hare and Mantua, 2000;
Möllmann et al., 2009;
Tomczak et al., 2013

Makarenkov and Legendre, RDA function in vegan:
2002; Borcard et al., 2011 community ecology R package

Rodionov, 2006; Cury et al., VBA for Excel at www.
2011; Matteson and James, BeringClimate.noaa.gov and
2014; Karr et al., 2015
strucchange, changepoint,
cpm, bcp packages for R

Hastie and Tibshirani, 1990; GAM package for R
Guisan et al., 2002

More information and
examples

Grace, 2008; Grace et al.,
Requires significant data inputs
2010; Thrush et al., 2012;
Requires a priori
Fox et al., 2015
understanding of ecosystem
Does not incorporate non-linearities in
relationships

Accommodates multivariate datasets Correlational
Requires significant data inputs
Identifies drivers and ecosystem
responses that could serve as early
warning indicators
Quantifies interaction strengths
among drivers

Identifies how non-linear changes are
related to biotic processes and
changes in outside drivers
Quantifies interaction strength
between driver(s) and response
variable(s)

Multivariate autoregressive
state-space model (MARSS)

EARLY WARNING ANALYSES

Accommodates multivariate datasets
Facilitates linking time of ecosystem
change to driver number and level
Does not require a priori hypothesis of
regime shift year(s)

Identifies non-linear relationships
between ecological condition and
ecosystem driver(s)
Determines likelihood of regime shift

Redundancy analysis (RDA)

Identifies potentially significant direct
and indirect effects of drivers on
ecosystem components

Accommodates multivariate datasets Correlative
Identifies regime shifts
No directionality of relationships

Correlative
No directionality of relationships
No statistical significance of
relationships

Identifies location of the threshold or
regime shift and corresponding
driver/pressure level
Identifies leading and lagging
indicators

Identifies point of inflection in
relationship between ecological
condition and ecosystem driver(s),
i.e., the threshold

Change point analysis (e.g.,
Sequential t-test on the mean,
STARS)

Correlative
No directionality of relationships
Does not explicitly take
autocorrelation into account

Identifies key drivers
Flexible in its ability to fit any shape
relationship

Identifies shape and strength of
non-linear relationships between
ecological condition and ecosystem
driver(s)
Correlative
No directionality of relationships
Computationally complex
May overestimate degree of
non-linearity if overfitting is not
controlled

Weaknesses

Generalized additive model (GAM)

DETECTING REGIME SHIFTS AND QUANTIFYING NON-LINEAR RELATIONSHIPS

Method

TABLE 2 | Methods used to estimate ecosystem thresholds, identify drivers of change, and provide early warning of threshold response.

Foley et al.
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Dakos et al., 2010, 2012;
Veraart et al., 2012; Litzow
et al., 2013

nlme R package;

methods after a threshold had been crossed. While these studies
can be useful, being able to anticipate and avoid them helps
practitioners to make more efficient, proactive, and sustainable
resource management choices. To date, much of this research
has focused on developing early warning indicators—metrics
that trend in parallel to complex ecosystem dynamics (Box 2;
Scheffer et al., 2009, 2012; Dakos et al., 2012). A phenomenon
known as “critical slowing down” (Drake and Griffen, 2010;
Dakos et al., 2012), in which the time it takes a system to
recover from a disturbance increases due to loss of resilience, is
thought to be one of the most robust early warning indicators
of an impending ecological threshold being reached (Scheffer
et al., 2009). Other indicators that a system may be approaching
an ecosystem threshold include “flickering” between alternate
ecosystem states (Dakos et al., 2012), increased autocorrelation
(Biggs et al., 2009; Dakos et al., 2010, 2012), and increased
variability (Carpenter and Brock, 2006; Daskalov et al., 2007).
While their potential is alluring, some scientists question the
utility and generality of these early warning indicators (e.g.,
Boettiger and Hastings, 2012). Boettiger and Hastings suggest it
is unlikely that general indicators exist across systems because
the context in which a system approaches a threshold is likely to
be unique. Instead, they push for data-driven exploration—such
as the analyses described above—and experimentation within
systems to identify system-specific characteristics of impending
thresholds.
One of the current challenges to the validity of many of
the early warning indicators developed to date is that they
have mainly been tested using model simulations (Kéfi et al.,
2014). Researchers rely on model simulations because they
can generate high resolution, long-term data series, which are
required for these methods but are rare in real-world systems. To
advance the applicability of these largely theoretical simulations,
researchers are beginning to test these indicators in experimental
and natural biological systems, incorporating key metrics such
as variance, autocorrelation, and time lags into traditional
ecological sampling and analysis designs. For example, Veraart
et al. (2012) tested the applicability of critical slowing down
as an early warning indicator in populations of cyanobacteria.
As predicted, cyanobacteria populations declined non-linearly
once a critical light level was surpassed. As the cyanobacteria
populations approached the light threshold, their ability to
recover from small pressures consistently decreased. In one of
the few tests of theoretical early warning indicators using real
ecosystem data, Litzow et al. detected rising spatial variance in
fisheries catch time series as a precursor to historical fishing
collapses in the Gulf of Alaska and Bering Sea (Litzow et al.,
2013).

For all methods, time-series or spatial datasets for ecological condition and ecosystem drivers are necessary.

Requires significant data inputs
Usually retrospective
May not be transferable across
systems
Accommodates wide range of data,
Provides early warning of threshold
dynamics and regime shifts in spatial including spatial and temporal data
Allows early identification of threshold
and temporal data sets
dynamics and regime shifts
Regime shift indicators [e.g.,
coefficient of variation;
standard deviation of
log-transformed data;
skewness (i.e., slope of the linear
trend)]

Strengths
Output
TABLE 2 | Continued

Using ecological thresholds in resource management

Method

Weaknesses

More information and
examples

Software and code

Foley et al.
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CONCLUSION
Many ecosystems are at risk of crossing a threshold due
to background disturbances and anthropogenic pressures that
erode natural resilience, increasing their susceptibility to large,
stochastic disturbances (Scheffer et al., 2001a; Folke et al., 2004;
Hughes et al., 2013b). While researchers are making great
progress in repurposing analyses and developing early warning
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BOX 2 | MAJOR CATEGORIES OF EARLY WARNING INDICATORS (EWI).
Critical slowing down and flickering. As a system approaches a threshold, the time it takes a system to recover from a disturbance increases due to loss of resilience
(Scheffer et al., 2009) and the structure and/or function of the ecosystem starts to alternate between two states over a short time period (Dakos et al., 2012).
Autocorrelation. Change across ecosystems tends to become correlated in space and time prior to a tipping point (Biggs et al., 2009; Kéfi et al., 2014). This shift
occurs when large-scale dynamics dominate ecosystem response rather than within system dynamics that maintained stability and functioning prior to ecosystem
decline.
Variance. The response of ecosystem components to drivers becomes more variable as a threshold is approached. Increased variance can be detected with little
underlying knowledge of “normal” ecosystem dynamics (Carpenter and Brock, 2006; Litzow et al., 2013), and can be detected in spatial and temporal analyses
(Donangelo et al., 2010).

better management outcomes and the development of adaptive
management strategies.

indicators, numerous challenges remain in the application of
threshold and early warning indicator science to management
and policy. In spite of these challenges, as we have shown
with multiple examples, practitioners can manage for thresholds
now using quantitative targets, responsive monitoring, and
appropriately scaled management actions. While these metrics
and features do not indicate how close a system is to a threshold,
they are important for building practitioners’ capacity to consider
and avoid thresholds. As additional tools and analyses are further
refined, managers can also continue developing an improved
understanding of their system and the type of ecological response
that is most likely to occur if a threshold is crossed. Improving
our understanding of complex ecological interactions and the
application of theory to real management needs will increase our
ability to detect and avoid ecological thresholds and facilitate
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