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Abstract

Lakes are dynamic ecosystems that can transition among stable states. Since
ecosystem-scale transitions can be detrimental and difficult to reverse, being
able to predict impending critical transitions in state variables has become a
major area of research. However, not all transitions are detrimental, and there
is considerable interest in better evaluating the success of management inter-
ventions to support adaptive management strategies. Here, we retrospectively
evaluated the agreement between time series statistics (i.e., standard deviation,
autocorrelation, skewness, and kurtosis—also known as early warning indica-
tors) and breakpoints in state variables in a lake (Lake Simcoe, Ontario, Canada)
that has improved from a state of eutrophication. Long-term (1980 to 2019) moni-
toring data collected fortnightly throughout the ice-free season were used to evalu-
ate historical changes in 15 state variables (e.g., dissolved organic carbon,
phosphorus, chlorophyll @) and multivariate-derived time series at three monitor-
ing stations (shallow, middepth, deep) in Lake Simcoe. Time series results from
the two deep-water stations indicate that over this period Lake Simcoe trans-
itioned from an algal-dominated state toward a state with increased water clarity
(i.e., Secchi disk depth) and silica and lower nutrient and chlorophyll a concentra-
tions, which coincided with both substantial management intervention and the
establishment of invasive species (e.g., Dreissenid mussels). Consistent with
improvement, Secchi depth at the deep-water stations demonstrated expected
trends in statistical indicators prior to identified breakpoints, whereas total phos-
phorus and chlorophyll a revealed more nuanced patterns. Overall, state variables
were largely found to yield inconsistent trends in statistical indicators, so many
breakpoints were likely not reflective of traditional bifurcation critical transitions.
Nevertheless, statistical indicators of state variable time series may be a valuable
tool for the adaptive management and long-term monitoring of lake ecosystems,
but we call for more research within the domain of early warning indicators to
establish a better understanding of state variable behavior prior to lake changes.
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INTRODUCTION

Ecosystems can persist for long periods of time in stable
states characterized by specific sets of state variables
(i.e., biotic and abiotic conditions) (Beisner et al., 2003;
Scheffer et al., 2001). However, environmental perturba-
tions may push state variables into the domain of an
alternative stable state and incite ecosystem-scale
changes (Holling, 1973). Critical transitions or abrupt
shifts between stable states occur when environmental
perturbations cause a change in the mean of certain state
variables, resulting in a breakpoint in their respective
time series (Gsell et al., 2016). Since critical transitions
often result in the diminishment of ecosystem services
and have historically been difficult and expensive to
reverse, researchers have become interested in their
underlying dynamics and forecasting their occurrence.
Lakes are particularly susceptible to environmental
perturbations from anthropogenic activities, invasive spe-
cies, and climate change (Janssen et al., 2019). Although
ecosystem conditions in lakes are often stable across
time, incremental fluctuations in external stressors can
shift state variables and cause critical transitions within
aquatic ecosystems (Holling, 1973). For example, with
increased nutrient loading, lakes have been observed to
abruptly shift from a clear-water state to that of an algal
bloom state and persist under these eutrophic conditions
even after substantial investment in management actions
(Carpenter, 2005). Temporal patterns in state variables,
such as algal biomass and Secchi depth, often track pat-
terns in the delivery of nutrients and may be useful in
forecasting the occurrence of these critical transitions in
lakes (Melendez-Pastor et al., 2019; Wilkinson
et al., 2018) in addition to other new and unknown global
changes (e.g., brownification; Kritzberg et al., 2020).
Other stressors, such as invasive species (e.g., North
et al., 2013), are also linked to ecosystem degradation and
thus are of importance to the effective management of lake
ecosystems. Invasive species threaten biodiversity and can
cause significant social, economic, and environmental disrup-
tions (Mainka & Howard, 2010). Moreover, the introduction
and establishment of invasive species can incite cascading
changes to both biotic and abiotic state variables. For exam-
ple, decreasing trends in phosphorus and chlorophyll a
(Chl a) and increasing trends in water transparency have
often been observed within the first few years of zebra mussel
(Dreissena  polymorpha) colonization (e.g., Fahnenstiel

et al., 1995; Leach, 1993). Abnormal trends in state variables
from continuous monitoring data may therefore be leveraged
to help detect the presence of a potential invasion and be used
as a call for immediate management action and intervention.

Identifying transitions between different stable states
within aquatic ecosystems is inherently difficult (e.g.,
D’Amario et al., 2019), but researchers have developed statis-
tical indicators that empirically occur in the time series of
state variables as ecosystems approach a critical transition
(Scheffer et al., 2009). These various statistical indicators of
data variability (Dakos, Van Nes, et al, 2012; Kéfi
et al., 2013) signal a decline in an ecosystem’s rate of recovery
to equilibrium after perturbation (i.e., ecosystem resilience),
whereby environmental perturbations are more likely to per-
manently shift an ecosystem with low resilience into an alter-
native stable state (Dakos, Van Nes, et al., 2012; Wilkinson
et al.,, 2018). For example, as a state variable approaches a
critical transition (i.e., a bifurcation or regime shift), temporal
patterns become much noisier, and the state variable strays
further from its equilibrium (lower return time), thereby
increasing its standard deviation (SD) and increasing auto-
correlation at lag 1 (AR1) (Dakos, Van Nes, et al., 2012). In
addition, when a state variable approaches this transition,
there is an increase in the presence of extreme observations
and temporal patterns in the symmetry of the state variable
distribution, which will change in skewness (SK) (increase or
decrease according to transition) and decrease in kurtosis
(K) (Gsell et al., 2016). Although more complex critical tran-
sitions and signals thereof may exist (e.g., Burthe et al., 2016;
Dakos, Van Nes, et al., 2012; Titus & Watson, 2020), concur-
rent changes in the expected temporal patterns of time series
statistical indicators are thought to indicate that an ecosys-
tem has deviated from its previous norm and will likely tran-
sition into an alternative state (Scheffer et al., 2009). By
signaling potential changes in resilience, these parameters
can be combined with traditional ecological monitoring and
used as early warning indicators (EWIs) of impending
ecosystem-scale critical transitions.

Some previous studies found that trends in AR1, SD,
SK, and K of certain state variables can offer managers an
“early warning” that an ecosystem is approaching a transi-
tion toward a less-desired state (Buelo et al., 2018; Stelzer
et al., 2021; Wilkinson et al., 2018). However, several stud-
ies have also reported mixed results and reported low
detectability of EWIs prior to identified breakpoints in state
variable time series (e.g., Bestelmeyer et al., 2011; Gsell
et al., 2016; Hastings & Wysham, 2010), likely due to the
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stochastic or conservative behavior (i.e., nonbifurcation) of
selected state variables or the occurrence of nonlinear critical
transitions (Burthe et al., 2016). To generate further empirical
evidence on the performance of EWIs, we investigated the
substantial environmental changes that have occurred over a
40-year period (1980-2019) in a large temperate lake (Lake
Simcoe) in southeastern Ontario (Canada). Notably, this time
series reflects a period of improvement from decades of
ecological impairment in Lake Simcoe (e.g., historical
collapse of fisheries, eutrophication, poor water quality) and
the establishment of invasive keystone organisms (e.g.,
Dreissenid mussels; North et al., 2013; Rawson, 1928;
Young & Jarjanazi, 2015). Our goal was to determine
whether the application of early-warning indicators could be
used to detect improvements in an ecosystem that had trans-
itioned from a more eutrophic to a clear water state. Here,
we evaluated the performance of EWIs for individual state
variables, in addition to the temporal progression of EWIs
from time series generated through the multivariate analysis
of all state variables. We hypothesized that temporal patterns
in SD, AR1, SK, and K would correspond to transitions in
Lake Simcoe state variables measured from 1980 onward
and be more pronounced at the ecosystem or multivariate
scale. To address this hypothesis, the two primary objectives
of our study were to (1) identify historical breakpoints in
Lake Simcoe state variable and multivariate time series and
(2) determine whether these breakpoints coincide with the
expected temporal patterns in early warning statistical indi-
cators (i.e., EWIs). If EWIs can predict ecosystem-scale tran-
sitions, then expected deviations in the trends of SD, AR1,
SK, or K will occur prior to identified breakpoints, with
agreement among multiple EWIs increasing the odds that a
critical transition was likely to occur. If temporal patterns in
EWIs are measurable, timely, and reliable, managers may
consider the adoption or investment in these methods within
continuous long-term monitoring programs to better safe-
guard lake ecosystems from global change and track the suc-
cess of management interventions.

METHODS
Study area

Lake Simcoe (latitude 44°25' longitude 79°20’) is the larg-
est lake in southern Ontario (Winter et al., 2011) outside
of the Laurentian Great Lakes. This dimictic lake borders
the cities of Barrie and Orillia and has a surface area of
722 km?. The Lake Simcoe watershed spans 3634 km?>
and is composed predominately of agricultural land uses
(Young & Jarjanazi, 2015). Lake Simcoe can be broken
down into three major basins: the main-lake basin, the
deep-water Kempenfelt Bay, and the shallow Cook’s Bay.

Starting around the 1920s, human activities (e.g., urban
development, agricultural practices) began and impaired
the ecological health of Lake Simcoe, resulting in poor
water quality, eutrophication, and the collapse of fisheries
(Winter et al., 2011; Young & Jarjanazi, 2015). In response
to widespread impairment, remediation efforts along with
the establishment of a long-term monitoring program began
in the 1980s and Lake Simcoe started to transition away
from an impaired state (Young & Jarjanazi, 2015). Of con-
cern in recent years has been the establishment of invasive
species. The spiny water flea (Bythotrephes cederstroemi)
was established in 1994, followed by the zebra mussel
(D. polymorpha) in 1996, the quagga mussel (Dreissena
rostriformis bugensis) in 2009, and later the round goby
(Neogobius melanostomus) and starry stonewort (Nitellopsis
obtusa) in 2010 (Ginn et al., 2021; Young & Jarjanazi, 2015).
The establishment of these invasive species has potentially
had ecologically significant effects on water quality and the
lake food web. Long-term monitoring data reveal major
shifts in Lake Simcoe water quality throughout the 1990s
and 2000s (e.g., increased water clarity, increased silica,
decreased total phosphorus), and these changes appear to
coincide with the establishment of invasive species
(Young & Jarjanazi, 2015). Meanwhile, efforts have been
made to improve the water quality and ecological health of
Lake Simcoe by decreasing phosphorus inputs, addressing
climate change and invasive species, and protecting natural
areas (e.g., Lake Simcoe Environmental Monitoring Strat-
egy in 1990, Lake Simcoe Clean-Up Fund in 2007, Lake
Simcoe Protection Plan in 2009). It is evident that substan-
tial changes in Lake Simcoe have occurred over the past
four decades, but it is unclear whether these past
ecosystem-scale changes could have been reliably forecasted
or tracked with the use of EWIs.

State variable monitoring

As part of its long-term monitoring program, the Ontario
Ministry of the Environment, Conservation and Parks
(MECP), in collaboration with the Lake Simcoe Region Con-
servation Authority, has measured state variables in Lake
Simcoe at up to 12 stations since 1980. Of these stations, we
focused our analysis on three to evaluate the utility of select
state variables as EWIs (Figure 1). The deeper monitoring
stations in Lake Simcoe exhibit a high degree of synchrony
in state variables (Young & Jarjanazi, 2015). Thus, we
selected two deeper monitoring stations with consistent data
sets and the shallowest station. Station K42 has an average
depth of 42 m (deep; station LS-D hereafter) and is located
in Kempenfelt Bay. Station C9 has an average depth of 19 m
(mid; station LS-M hereafter) and is located at the mouth of
Cook’s Bay. Lastly, Station C1 is near shore at the bottom of
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FIGURE 1 Map displaying Lake Simcoe stations studied

(C1 [LS-S], C9 [LS-M], K42 [LS-D]) and watershed land cover.

Cook’s Bay and is asynchronous in comparison to the other
sampling stations on account of its shallow depth (average
depth <3 m) (shallow; station LS-S hereafter) and proximity
to the Holland River, which receives high nutrient inputs
from both agricultural (Holland Marsh) and urban
(Newmarket and Aurora) sources.

Samples from all three stations were collected fortnightly
from the euphotic zone (i.e., surface to 15 m) throughout the
ice-free season and analyzed for chemical, physical, and bio-
logical characteristics, including alkalinity, ammonia, and
ammonium (NHx), Chl a, conductivity, dissolved inorganic
carbon (DIC), dissolved organic carbon (DOC), total Kjeldahl
nitrogen (TKN), nitrate and nitrite (NOx), reactive silica (Si),
and total phosphorus (TP) (analytical methods described in
Ralston et al., 1975; Young & Jarjanazi, 2015). This study will
assess all the aforementioned variables, in addition to water
clarity (i.e., Secchi disk depth), dissolved oxygen (DO), and
temperature, which have been measured concurrently with
water quality sampling in Lake Simcoe. Secchi disk depth
was measured as the water depth in meters at which a black
and white Secchi disk is no longer visible at the surface
(Young & Jarjanazi, 2015). DO and temperature were mea-
sured as vertical profiles, probing at 1-m increments to the
lake bottom (Young & Jarjanazi, 2015). In this study, top
(1 m) and bottom (—1 m; LS-M and LS-D only) water tem-
perature and DO was extracted and used to evaluate these
variables. The state variables selected for analysis in this
study (Table 1) are primarily derived from the EWI literature

(e.g., Karki, 2019; Ortiz, 2019; Wang et al., 2012) but also
include novel variables that have been monitored as part of
the Lake Simcoe initiative.

Data analysis

Long-term monitoring data were summarized at a fortnightly
resolution to ensure sample regularity in each time series.
Time series were developed for each state variable from 1980
to 2019 at the three Lake Simcoe monitoring stations, and,
as required for time series analysis, any missing data (primar-
ily winter months) were interpolated using a Kalman inter-
polation method. With these interpolated time series data,
first a principal component analysis (PCA) was conducted to
visualize the multivariate progression of limnological vari-
ables in Lake Simcoe across time. Separate PCAs were per-
formed on data from each station, and variables were mean
centred and scaled prior to analysis. PCA axis scores were
then extracted and subsequently used in further time series
analyses. Interpolation and PCA were performed in R with
the vegan and imputeTS packages (Moritz et al, 2021;
Oksanen et al., 2020; Rstudio Team, 2020).

Time series analysis

To detect whether Lake Simcoe may have undergone any
critical transitions, we began by assessing state variable and
PC score time series using breakpoint analyses. The optimal
number of breakpoints within each interpolated time series
was determined by assessing deviations from stability in lin-
ear regression relationships using the strucchange package
in R (Zeileis et al., 2002, 2003). The significance and strength
of these breakpoints were then evaluated by comparing
means of measured (ie., not interpolated) state variable
values before and after the breakpoint time using a Welch’s
ttest (p < 0.01). If multiple breakpoints were identified, the
time series was correspondingly split into multiple segments,
which were compared sequentially. Identified breakpoints
that had nonsignificant differences in mean were removed in
a stepwise manner until no breakpoints remained or all
sequential differences in mean were significant. Cohen’s
d was also extracted from these comparisons as a measure
of effect size using the emmeans package in R (Lenth
et al., 2022).

EWIs

The earlywarnings R package was used to assess each
time series for a loss of resilience prior to identified
breakpoints (Dakos, Carpenter, et al., 2012). Using the
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TABLE 1
evaluated in this study.

State variable

Alkalinity (mg L™

Ammonia-ammonium
(NHx; pg L™

Conductivity (uS cm™?)

Dissolved inorganic carbon
(DIC; mg L)

Dissolved organic carbon
(DOC; mg LY

Dissolved oxygen (DO; mg L")

Total Kjeldahl nitrogen
(TKN; pg L)
Nitrate-nitrite (Nox; ug L™

Reactive silica (mg L™")

Secchi depth (m)

Description

Measure of ability of water body to
neutralize acids and bases

Form of dissolved inorganic nitrogen

Measure of total dissolved ions in water

Measure of total aqueous inorganic
carbon species (i.e., CO,, H,CO3,
HCO; ™, and CO5%7) in water

Measure of total aqueous organic
carbon in water

Measure of amount of oxygen present
in water

Measure of total organic nitrogen plus
ammonia and ammonium in water

Form of dissolved inorganic nitrogen

Micronutrient derived from physical
and chemical weathering of rocks

Measure of water transparency

Description and ecological significance of state variables measured by Lake Simcoe long-term monitoring program and

Ecological significance

Positively associated with buffering (i.e., acid-
neutralizing) capacity of water

Nutrient that supports microbial and primary
production; more readily taken up than other
inorganic nitrogen forms (i.e., nitrate-nitrite)

General measure of water quality; a significant
increase in conductivity can indicate a source of
pollution

Changes in DIC can reflect biological processes
associated with CO, fixation (i.e., photosynthesis)
and production (i.e., respiration and
decomposition)

Nutrient that supports growth and metabolism of
microorganisms (i.e., heterotrophic bacteria)

Sufficient DO is required for metabolism of aerobic
organisms; changes in DO can reflect biological
processes associated with O, production (i.e.,
photosynthesis) and consumption (i.e., respiration
and decomposition)

Nutrient that supports microbial and primary
production

Nutrient that supports microbial and primary
production

Used by diatoms to build frustules and can limit algal
production in low quantities

Higher values indicate greater transparency;

Temperature (°C)

Total phosphorus (ug L™1)
phosphorus in water

Chlorophyll a (ug L™ Measurement of amount of

Measure of heat present in water

Measure of total inorganic and organic

negatively correlated with primary production and
turbidity

Positively associated with metabolic rate of aquatic
organisms

Nutrient that supports and, in low quantities, often
limits microbes and primary producers

Used as surrogate for algal biomass

photosynthetic pigment in water

generic_ews function, the statistical moments of ARI,
SD, K, and SK were estimated within rolling windows for
each decomposed state variable and PC score time series.
In accordance with the existing literature, a rolling win-
dow size of 20% of the time series length (about 8 years)
was used, as a compromise between estimating metrics
accurately and generating enough windows to derive a
trend (Dakos, Carpenter, et al., 2012; Dutta et al., 2018). Fur-
ther, time series were decomposed prior to analysis to
address the strong correlation structure associated with non-
stationarity by removing overall trends and seasonal period-
icities (Dakos, Carpenter, et al., 2012). Trends were removed
through loess decomposition with the generic_ews function
and seasonal periodicities were evaluated for strength

(Wang et al, 2006) and, if significant (Appendix SI:
Table S2), removed, using the tsfeatures package for both
(Hyndman et al., 2020). Subsequently, from 1988 onward,
time series were then developed for AR1, SD, K, and SK out-
puts and used to statistically evaluate EWI trends prior to
each possible critical transition identified at state variable
and PC score breakpoints. Because the strength and direc-
tion of EWI trends may differ given the length of the pre-
breakpoint time series, similarly to Gsell et al. (2016), we
evaluated monotonic trends in AR1, SD, K, and SK over
multiple time windows that increased in length by 1-year
intervals (26 observations) from 1 to 10 years prior to the
possible critical transition or, if multiple possible critical
transitions were identified, within a 10-year period, from
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1 year to the previous critical transition. EWI trends within
each time window were evaluated using a nonparametric
Mann-Kendall trend test with the Kendall package in
R (McLeod, 2011). Monotonic trends in EWIs were consid-
ered significant if the median Kendall © rank correlation
coefficient from the multiple time windows was >0.3 (large
effect size) and its 95% confidence interval calculated with
the DescTools package did not overlap zero (Signorell, 2021).
Likewise, critical transitions (i.e., bifurcation) should be sig-
naled by a lower rate of recovery to prior ecosystem condi-
tions, so prebreakpoint EWI trends were considered to signal
a critical transition if SD and AR1 were positive and there
was a decrease in the symmetry (more extreme observations)

of the state variable data distributions, as indicated by a
change in SK (increase or decrease according to transition)
and decrease in K. Critical transitions were considered
increasingly likely to occur if there was agreement between
multiple EWISs prior to the identified breakpoints.

RESULTS
Lake Simcoe time series

PCA showed a clear temporal multivariate progression in
the limnology of Lake Simcoe from 1980 to 2020 (Figure 2);
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steps, and arrows show PC loadings of state variables.

Principal component (PC) analysis of state variables in Lake Simcoe, where points represent the PC scores of biweekly time
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however, this temporal partitioning of Lake Simcoe by state
variables was less noticeable at the shallow, nearshore station
LS-S. The separation of long-term monitoring data at the
LS-S station revealed considerable overlap across time, but,
though less pronounced, LS-S was somewhat synchronous
with the other two stations in the overall loading of state var-
iables in relation to time. State variable loadings at each sta-
tion portrayed the progression of Lake Simcoe from a more
eutrophic, high-nutrient system (i.e., Chl a, NHx, TP, TKN,
and DIC) toward a system with lower nutrients and
increased water clarity (i.e., Secchi disk depth). Moreover,
contemporary Lake Simcoe appears to be associated with
greater concentrations of Si and DOC and increased conduc-
tivity. Overall, monotonic trends in PC1 were strongest at
LS-M (PC1: Kendall T = 0.735; PC2: Kendall T < 0.000) and
LS-D (PC1: Kendall T = 0.698; PC2: Kendall T = —0.170),
whereas monotonic trends in PC2 were strongest at LS-S
(PC1: Kendall T = 0.307; PC2: Kendall T = —0.702)
(Appendix S1: Figures S1 and S2).

Breakpoint analysis

Multiple breakpoints were detected at the three Lake Simcoe
monitoring stations (Figure 3; Appendix S1: Table S1). At
the multivariate scale, breakpoint analysis of PC scores rev-
ealed three general time periods corresponding to possible
critical transitions in the limnology of Lake Simcoe: the
mid-1980s, the late 1990s to early 2000s, and ~2010s
(Figure 3). Around these time periods, breakpoints in indi-
vidual state variables were also observed, and the direction
of change was consistent at all three monitoring stations.
The mid-1980s corresponded to decreased nutrient and silica
concentrations and increased DO; the late 1990s to early
2000s corresponded to increased silica, Secchi depth, DOC,
and conductivity but decreased alkalinity and DIC, whereas
the 2010s corresponded to decreased nutrient and Chl
a concentrations and further increases in silica. However,
major differences were observed among monitoring stations
where the shallow nearshore station (LS-S) had state vari-
ables with the most extreme mean values and were consis-
tently more variable compared to the two deep-water
stations (LS-M and LS-D).

EWIs

Early warning indicators were calculated as statistical
moments and autocorrelation from moving windows of
data across state variable and PC score time series, which
could only be evaluated from about 1988 onward. Thus,
monotonic trends in EWIs could not be assessed prior to
select breakpoints that were identified in several state

variables and PC scores (Appendix S1: Table S1). Alto-
gether, we evaluated trends in EWISs prior to 86 breakpoints
that occurred in state variables and PC scores across the
three Lake Simcoe monitoring stations (Figure 3). In
47 cases (55%), three or more of AR1, SD, SK, or K dis-
played a consistent increasing or decreasing trend (indi-
cated by “+” or “—” in Appendix S1: Table SI;
Appendix S1: Figures S1-S17) leading up to the breakpoint.
In 22 cases (26%), two metrics showed EWI trends, and in
17 cases (20%), one or no metrics demonstrated an increas-
ing or decreasing trend leading up to the breakpoint. Of the
four EWI metrics studied, SD most reliably demonstrated
change prior to breakpoints (72% of cases), followed by K
(66% of cases), AR1 (60% of cases), and SK (58% of cases).
However, only 44%, 34%, 28%, and 26% of breakpoints had
SD, K, SK, and AR1 trends in the direction expected with
EWTI theory; therefore, the level of agreement was reduced
to 14% for three or more EWIs, 27% for two EWIs, leaving
59% of the breakpoints having agreement in only one or no
EWIs. Corresponding to the three identified time periods
associated with possible ecosystem-scale critical transitions
in Lake Simcoe, we only found sufficient agreement
(i.e., three or more) among the measured EWIs for the late
1990s breakpoint in Secchi depth at LS-M and LS-D. For
almost all other state variables, there was poor agreement
in the EWIs, or they were the opposite of what was
expected, including for TP and Chl a, which we assume
would have been linked to some of the known larger
changes that have occurred in the lake (e.g., nutrient reduc-
tions and Dreissenid establishment). Moreover, there were
no discernible patterns in EWI performance among moni-
toring stations, even though the effect sizes (Cohen’s d) for
changes in mean surrounding these breakpoints were
largely greater at LS-M and LS-D compared to LS-S.

DISCUSSION

Lake Simcoe has a long history of environmental change
that has been routinely monitored since the 1980s and thus
is ideal for studying the utility of EWIs. As shown by other
studies (e.g., North et al., 2013), we observed that Lake
Simcoe continues to be fundamentally different now than
it was in the 1980s, with many changes in water quality
occurring in the 2000s. Specifically, the lake has slowly
transitioned from a high-nutrient, chlorophyll-dominated
state toward a clear-water, high-DOC state. Our study
assessed the utility of four common statistical indicators
(i.e., AR1, SD, SK, K) as EWIs of these observed changes in
Lake Simcoe. To our knowledge, this is the first study to
show the progression of these statistical indicators as an
ecosystem improves from an impaired state (i.e., eutrophic
to clear water state) and the first time data from the Lake
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(Left) Breakpoint timing, direction of change (A = increase; ¥ = decrease), and effect size (white: Cohen’s d < 0.3; gray:

0.3 < Cohen’s d < 0.5; light red: 0.5 < Cohen’s d < 0.8; red: 0.8 < Cohen’s d) for principal component (PC) score and state variable time
series across three Lake Simcoe monitoring stations (shallow: LS-S; middepth: LS-M; deep: LS-D). (Right) Number of EWIs with expected

trends prior to corresponding critical transitions identified through breakpoint analysis (light gray = 0; medium gray = 1; dark gray = 2;
dark red = 3; red = 4). EWI trends prior to 1988 (shaded time period) could not be evaluated due to lack of data availability.

Simcoe long-term monitoring program have been used to
investigate EWIs. By studying long-term trends in Lake
Simcoe, we show that, although breakpoints in some state
variables and multivariate-derived whole ecosystem time
series were preceded by characteristic EWI behavior, many
state variables did not display clear EWI trends, or EWIs
failed to change concurrently. Therefore, nuanced informa-
tion on the success of management interventions or
broader ecosystem-scale changes (e.g., invasive species)
derived from the application of EWIs would likely need to

be firmly contextualized by in-depth ecological knowledge
of the study ecosystem for it to support decision-making.

Historical trends in Lake Simcoe

Over the last four decades, Lake Simcoe has gradually been
improving from eutrophication, and state variables associ-
ated with this transition (i.e., TP, Chl a, and Secchi depth)
have been observed to have significant breakpoints within
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their time series. Various management actions have been
implemented in the lake since the 1980s. In 2007, the Gov-
ernment of Canada established the Lake Simcoe Clean-Up
Fund to implement projects that would reduce phosphorus
loading and restore aquatic habitat in Lake Simcoe, and in
2009 the Ontario Government adopted the Lake Simcoe
Protection Plan to further enact immediate action to address
threats associated with nutrient loading, invasive species,
habitat degradation, and climate change (Palmer
et al., 2011). Identified breakpoints in state variables associ-
ated with eutrophication appear to coincide with manage-
ment interventions aimed at improving water quality in the
lake. In particular, detected breakpoints indicate that after
about 2010, Lake Simcoe transitioned toward significantly
lower TP concentrations and, in turn, lower Chl
a concentrations at LS-M and LS-D but not LS-S. Likewise,
though not significant, more contemporary trends toward
increasing Secchi depth were observed at all stations. This
transition has also been accompanied by previously reported
increases in deep-water DO, likely from lower rates of
organic matter decomposition (Young & Jarjanazi, 2015).

In addition to management interventions, this major
shift in lake water quality may be partially explained by the
widespread colonization of invasive Dreissenid mussels in
1996 (D. polymorpha) and later in 2009 (D. rostriformis
bugensis) (Evans et al., 2011). Through their feeding behav-
ior, dreissenids filter small organisms and particles from the
water column and can have far-reaching effects on water
quality, particularly as mussels reach high densities (Kelly
et al., 2017; North et al., 2013; Winter et al., 2011). Previous
research showed that Dreissenid colonization could lead to
reduced TP, phytoplankton, and Chl a in a lake’s water col-
umn and increase water clarity (e.g., Higgins &
Zanden, 2010; North et al., 2013). Though it is difficult to
associate a specific stressor to ecosystem-scale changes in
multistressor environments, we too observed a significant
breakpoint in Secchi depth that coincided with the estab-
lishment of D. polymorpha in the mid-1990s. However,
while there were overall decreasing trends in TP and Chl
a prior to the mid-1990s, significant breakpoints did not
occur until ~2010 following the shift in benthic dominance
from D. polymorpha to D. rostriformis bugensis (Ginn
et al., 2018). Thus, it is likely that high-volume filtration
and grazing (i.e., nearshore P shunt; Hecky et al., 2004),
coupled with the implementation of various management
interventions, has contributed to declining TP concentra-
tions and algal biomass (Winter et al., 2011) and increasing
water clarity over this time series (Ginn, 2011; Jones &
Montz, 2020; Nicholls et al., 1997).

Ecosystem-scale changes in Lake Simcoe were observed
at the LS-D and LS-M monitoring stations but were less
evident for LS-S. Breakpoints in state variables associated
with eutrophication (e.g., Chl a, TP, and Secchi depth) at

LS-S were consistently found to have lower effect sizes,
with high variability around breakpoint means, or were
nonexistent. Densities of dreissenid mussels were compara-
ble among these three basins, and because the dominant
species differ with depth, following the establishment of
D. rostriformis bugensis (~2010), filtering capacities were
similar between LS-S and LS-D and greatest at LS-M (Ginn
et al., 2018). However, the nearshore proximity of LS-S to
the mouth of the Holland River could also be driving the
spatial heterogeneity due to higher nutrient inputs from
the agriculturally intensive Holland Marsh and nearby
urban areas (Newmarket and Aurora) (Palmer et al., 2011).

The establishment of dreissenid mussels and the reduc-
tion of algal biomass can have cascading impacts on other
state variables (Figure 4). Lower algal biomass results in
less silica being taken up from the water column, which
could explain the increasing trend in silica concentrations
in Lake Simcoe (Fahnenstiel et al., 2010; Nicholls
et al., 1997; Winter et al., 2011). In contrast, decreased alka-
linity coincided with the establishment of dressenids and
may have been caused by the removal of ions to produce
shells (Jones & Montz, 2020). We also observed an increase
in DOC with no corresponding change in Secchi depth.
Increased water transparency from the combination of
reduced nutrient loading and dreissenid mussel establish-
ment may have facilitated the growth of submergent mac-
rophytes and subsequent DOC exudation (Reitsema
et al., 2018). Evidently, state variables are largely interactive
with one another and can be influenced by co-occurring
environmental stressors, as indicated by commonalities
observed in breakpoint timing.

Evaluating the temporal progression of state variables
from a holistic multivariate perspective, we were able to
identify three time periods with breakpoints that point to
possible ecosystem-scale critical transitions in Lake
Simcoe. Indeed, these periods aligned with the clusters of
breakpoints in individual state variables but were often
more pronounced and exhibited larger effect sizes than
their individual counterparts. This multivariate approach
may buffer against some of the common pitfalls
(e.g., stochastic changes and false alarms) in changepoint
detection and early warning thereof and be more repre-
sentative of ecosystem dynamics. Capturing the influence
of multiple stressors and internal ecosystem dynamics in
the evaluation of critical transitions from continuous
monitoring data may therefore help to better understand
any signal cascading ecosystem change.

Utility and reliability of EWIs

Contrary to our expectations, we did not find overwhelm-
ing support for the idea that EWIs calculated from
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FIGURE 4 Flow diagram illustrating connections between introduction of invasive species and selected lake water quality variables.

Similar patterns may be predicted with reduced phosphorus inputs.

multivariate-derived time series would be able to forecast
possible critical transitions better than those from individ-
ual state variables. In fact, many univariate state variables
(e.g., conductivity, DIC, NHx, TKN, NOx) also failed to
demonstrate reliability and utility as EWIs in Lake Simcoe.
Although EWI behavior was detectable prior to many
breakpoints, the possible utility of EWIs was often com-
promised by a lack of agreement among statistical indica-
tors prior to these changes in mean. These inconsistencies
did not appear to be linked to the degree of change
(i.e., effect size) in the mean of state variables since clear
patterns in EWI performance did not emerge among state
variables that had breakpoints with larger effect sizes.
While we found potential early warning signals regarding
the initial breakpoint in Secchi depth, our larger findings
are consistent with those of Gsell et al. (2016) and others
(Burthe et al., 2016; Spears et al., 2017), who concluded
that EWIs failed to provide reliable and consistent signals
of impending breakpoints in state variables of freshwater
ecosystems. Thus, it is possible that ecosystem complexity
in Lake Simcoe associated with highly variable limnologi-
cal conditions, multiple breakpoints, and the occurrence
of nonlinear/nonbifurcation changes in state variables
may have disrupted the characteristic progression of EWIs
that precedes critical transitions linked to more gradual
changes in system dynamics (Dakos et al., 2015; Livina
et al., 2012).

Interestingly, as previously observed in phytoplankton
models (Batt et al., 2013), the reverse of expected EWI trends
was observed for critical transitions associated with the allevi-
ation of eutrophication in Lake Simcoe. For example, in

ecosystems that are transitioning from clear water to eutro-
phic states, trends in Chl a and TP often had increased SDs in
the years preceding breakpoints (Ortiz et al., 2020). In Lake
Simcoe, particularly at LS-M and LS-D, we observed SD to
decrease and SK and K to increase following identified
breakpoints in TP and Chl a, indicating a transition to a more
stable time series with less extreme values. Like the transition
toward poorer water quality (i.e., eutrophication), characteris-
tic statistical changes are expected to accompany the transition
toward healthier water quality as the ecosystem gains stability.
However, given the complexity in state variable behavior prior
to critical transitions, trends in EWIs may differ from those
expected in association with bifurcation (Burthe et al., 2016).
Despite the utility of EWIs being perceived as contrary to their
intended purpose due to the improvement observed in Lake
Simcoe, we allude to the possibility that statistical moments of
change provide an opportunity for managers to track the suc-
cess of management interventions, but this will likely require
specialized knowledge of time series statistics and ecosystem
ecology, potentially limiting its ease of use in adaptive man-
agement strategies.

Future directions and conclusions

Most studies on EWIs investigated individual state vari-
ables as they underwent a critical transition toward poor
ecological conditions (e.g., higher chlorophyll and TP;
Pace et al., 2017; Wilkinson et al., 2018) and reported
ambiguous results about their utility (e.g., Burthe et al.,
2016; Gsell et al., 2016). Here, we show the progression of
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EWIs derived from both individual and multivariate state
variables over a period where management interventions
and ecosystem engineering by invasive species resulted in
a perceived improvement in lake status from more eutro-
phic conditions to those of a clearer water state
(i.e., decreased chlorophyll and phosphorus). Although
we also report ambiguous results, possibly due to com-
plex critical transitions, state variables that were associ-
ated with this perceived improvement showed novel
trends in the temporal patterns of SD, SK, and K sur-
rounding breakpoints. This improvement in lake status is
the opposite of that found in previous EWI research but
highlights an opportunity to use these methods for the
adaptive management of lake ecosystems. However,
investment in routine (i.e., weekly to monthly) long-term
monitoring is needed to better identify these indicators of
change and to further advance the statistical tools avail-
able for resource managers to safeguard freshwater eco-
systems more effectively. Long-term monitoring data
with fortnightly observations, such as the Lake Simcoe
monitoring program, are uncommon in most freshwater
ecosystems, but even with such an expansive data set, our
study was of low resolution and occurred only during the
ice-free season, and, though other biological data are col-
lected on this lake, our analyses were largely made up of
data from state variables associated with water quality.
High-frequency (i.e., hourly to daily) sensors and the use
of this information to infer biological processes have con-
siderable potential in the development of EWIs of critical
transitions and may have applications in forecasting detri-
mental events (e.g., algal blooms) in real time. Moreover,
as observed in our study, spatial heterogeneity in the tem-
poral patterns of state variables within lakes is common,
and future analyses could use all of the monitoring sta-
tions on this lake. To match the rapid pace of global envi-
ronmental change, investment in effective ecological
monitoring at appropriate spatial and temporal scales is
needed to provide comprehensive data to make respon-
sive yet informed policy and management decisions.

ACKNOWLEDGMENTS

This work was supported by Canada’s Natural Sciences
and Engineering Research Council (NSERC) Discovery
Grant and a Canada Research Chair to Marguerite
A. Xenopoulos, as well as a NSERC Undergraduate Stu-
dent Research Award (USRA) to Elizabeth Rohde. Thank
you to Commissioner Henry Lickers of the International
Joint Commission for the inspiration to think differently
about EWIs.

CONFLICT OF INTEREST
The authors declare that they have no known competing
financial interests or personal relationships that could

have appeared to influence the work reported in this
paper.

DATA AVAILABILITY STATEMENT
Data (Rohde et al., 2022) are available in figshare at
https://doi.org/10.6084/m9.figshare.19131815.v1.

ORCID
Marguerite A. Xenopoulos
2307-948X

https://orcid.org/0000-0003-

REFERENCES

Batt, R. D., W. A. Brock, S. R. Carpenter, J. J. Cole, M. L. Pace, and
D. A. Seekell. 2013. “Asymmetric Response of Early Warning Indi-
cators of Phytoplankton Transition to and from Cycles.” Theoreti-
cal Ecology 6: 285-93. https://doi.org/10.1007/s12080-013-0190-8.

Beisner, B. E., D. T. Haydon, and K. Cuddington. 2003. “Alternative
Stable States in Ecology.” Frontiers in Ecology and the Environ-
ment 1(7): 376-82. https://doi.org/10.1890/1540-9295.

Bestelmeyer, B. T., A. M. Ellison, W. R. Fraser, K. B. Gorman, S. J.
Holbrook, C. M. Laney, M. D. Ohman, et al. 2011. “Analysis of
Abrupt Transitions in Ecological Systems.” Ecosphere 2(12): 1-26.
https://doi.org/10.1890/ES11-00216.1.

Buelo, C. D, S. R. Carpenter, and M. L. Pace. 2018. “A Modeling
Analysis of Spatial Statistical Indicators of Thresholds for Algal
Blooms.” Limnology and Oceanography Letters 3(5): 384-92.
https://doi.org/10.1002/1012.10091.

Burthe, S. J.,, P. A. Henrys, E. B. Mackay, B. M. Spears, R.
Campbell, L. Carvalho, B. Dudley, et al. 2016. “Do Early
Warning Indicators Consistently Predict Nonlinear Change in
Long-Term Ecological Data?” Journal of Applied Ecology 53(3):
666-76. https://doi.org/10.1111/1365-2664.12519.

Carpenter, S. R. 2005. “Eutrophication of Aquatic Ecosystems:
Bistability and Soil Phosphorus.” Proceedings of the National
Academy of Sciences 102(29): 10002-5. https://doi.org/10.1073/
pnas.0503959102.

Dakos, V., S. R. Carpenter, W. A. Brock, A. M. Ellison, V. Guttal,
A. R. Ives, S. Kéfi, et al. 2012. “Methods for Detecting Early
Warnings of Critical Transitions in Time Series Illustrated
Using Simulated Ecological Data.” PLoS One 7(7): e41010.
https://doi.org/10.1371/journal.pone.0041010.

Dakos, V., E. H. Van Nes, P. d’Odorico, and M. Scheffer. 2012.
“Robustness of Variance and Autocorrelation as Indicators of
Critical Slowing Down.” Ecology 93(2): 264-71. https://doi.org/
10.1890/11-0889.1.

Dakos, V., S. R. Carpenter, E. H. van Nes, and M. Scheffer. 2015.
“Resilience Indicators: Prospects and Limitations for Early
Warnings of Regime Shifts.” Philosophical Transactions of the
Royal Society B: Biological Sciences 370(1659): 20130263.
https://doi.org/10.1098/rstb.2013.0263.

D’Amario, S. C., D. C. Rearick, C. Fasching, S. W. Kembel, E.
Porter-Goff, D. E. Spooner, C. J. Williams, H. F. Wilson, and
M. A. Xenopoulos. 2019. “The Prevalence of Nonlinearity and
Detection of Ecological Breakpoints across a Land Use Gradi-
ent in Streams.” Scientific Reports 9(1): 1-11. https://doi.org/
10.1038/s41598-019-40349-4.

Dutta, P. S., Y. Sharma, and K. C. Abbott. 2018. “Robustness of
Early Warning Signals for Catastrophic and Non-catastrophic


https://doi.org/10.6084/m9.figshare.19131815.v1
https://orcid.org/0000-0003-2307-948X
https://orcid.org/0000-0003-2307-948X
https://orcid.org/0000-0003-2307-948X
https://doi.org/10.1007/s12080-013-0190-8
https://doi.org/10.1890/1540-9295
https://doi.org/10.1890/ES11-00216.1
https://doi.org/10.1002/lol2.10091
https://doi.org/10.1111/1365-2664.12519
https://doi.org/10.1073/pnas.0503959102
https://doi.org/10.1073/pnas.0503959102
https://doi.org/10.1371/journal.pone.0041010
https://doi.org/10.1890/11-0889.1
https://doi.org/10.1890/11-0889.1
https://doi.org/10.1098/rstb.2013.0263
https://doi.org/10.1038/s41598-019-40349-4
https://doi.org/10.1038/s41598-019-40349-4

12 of 13

ROHDE ET AL.

Transitions.” Oikos 127(9): 1251-63. https://doi.org/10.1111/
0ik.05172.

Evans, D. O., A. J. Skinner, R. Allen, and M. J. McMurtry. 2011.
“Invasion of Zebra Mussel, Dreissena Polymorpha, in Lake
Simcoe.” Journal of Great Lakes Research 37: 36-45. https://
doi.org/10.1016/j,jglr.2011.04.002.

Fahnenstiel, G. L., G. A. Lang, T. F. Nalepa, and T. H. Johengen.
1995. “Effects of Zebra Mussel (Dreissena Polymorpha) Colo-
nization on Water Quality Parameters in Saginaw Bay, Lake
Huron.” Journal of Great Lakes Research 21(4): 435-48.
https://doi.org/10.1016/S0380-1330(95)71057-7.

Fahnenstiel, G., T. Nalepa, S. Pothoven, H. Carrick, and D. Scavia.
2010. “Lake Michigan Lower Food Web: Long-Term Observa-
tions and Dreissena Impact.” Journal of Great Lakes Research
36: 1-4. https://doi.org/10.1016/jjglr.2010.05.009.

Ginn, B. K. 2011. “Distribution and Limnological Drivers of Sub-
merged Aquatic Plant Communities in Lake Simcoe (Ontario,
Canada): Utility of Macrophytes as Bioindicators of Lake
Trophic Status.” Journal of Great Lakes Research 37: 83-9.
https://doi.org/10.1016/j.jglr.2011.03.015.

Ginn, B. K., R. Bolton, D. Coulombe, T. Fleischaker, and G. Yerex.
2018. “Quantifying a Shift in Benthic Dominance from Zebra
(Dressena Polymorpha) to Quagga (Dressena rostriformis
bugensis) Mussels in a Large, Inland Lake.” Journal of Great
Lakes Research 44: 271-82. https://doi.org/10.1016/j.jglr.2017.
12.003.

Ginn, B. K., E. F. S. Dias, and T. Fleishchaker. 2021. “Trends in
Submersed Aquatic Plant Communities in a Large, Inland
Lake: Impacts of an Invasion by Starry Stonewort (Nitellopsis
obtuse).” Lank and Reservoir Management 37: 199-213. https://
doi.org/10.1080/10402381.2020.1859025.

Gsell, A. S., U. Scharfenberger, D. Ozkundakci, A. Walters, L. A.
Hansson, A. B. Janssen, P. Noges, et al. 2016. “Evaluating
Early-Warning Indicators of Critical Transitions in Natural
Aquatic Ecosystems.” Proceedings of the National Academy of
Sciences  113(50): E8089-95. https://doi.org/10.1073/pnas.
1608242113.

Hastings, A., and D. B. Wysham. 2010. “Regime Shifts in Ecological
Systems Can Occur with no Warning.” Ecology Letters 13:
464-72. https://doi.org/10.1111/j.1461-0248.2010.01439.x.

Higgins, T. M., J. M. Grennan, and T. K. McCarthy. 2008.
“Effects of Recent Zebra Mussel Invasion on Water Chem-
istry and Phytoplankton Production in a Small Irish Lake.”
Aquatic Invasions 3(1): 14-20. https://doi.org/10.3391/ai.
2008.3.1.4.

Hecky, R. E., R. E. H. Smith, D. R. Barton, S. J. Guildford, W. D.
Taylor, M. N. Charlton, and T. Howell. 2004. “The Nearshore
Phosphorus Shunt: A Consequence of Ecosystem Engineering
by Dreissenids in the Laurentian Great Lakes.” Canadian
Journal of Fisheries and Aquatic Sciences. 61(7): 1285-93.
https://doi.org/10.1139/f04-065.

Higgins, S. N., and M. V. Zanden. 2010. “What a Difference a
Species Makes: A Meta-Analysis of Dreissenid Mussel Impacts
on Freshwater Ecosystems.” Ecological Monographs 80(2):
179-96. https://doi.org/10.1890/09-1249.1.

Holling, C. S. 1973. “Resilience and Stability of Ecological Systems.”
Annual Review of Ecology and Systematics 4(1): 1-23.

Hyndman, R., Y. Kang, P. Montero-Manso, T. Talagala, E. Wang, Y.
Yang, M. O’Hara-Wild, et al. (2020). “tsfeatures: Time Series

Feature Extraction.” R Package Version 1.0.2. https://cran.r-
project.org/web/packages/tsfeatures/index.html.

Janssen, A. B, J. H. Janse, A. H. Beusen, M. Chang, J. A. Harrison, 1.
Huttunen, X. Kong, et al. 2019. “How to Model Algal Blooms in
any Lake on Earth.” Current Opinion in Environmental Sustain-
ability 36: 1-10. https://doi.org/10.1016/j.cosust.2018.09.001.

Jones, T. S, and G. R. Montz. 2020. “Population Increase and
Associated Effects of Zebra Mussels Dreissena Polymorpha in
Lake Mille Lacs, Minnesota, USA.” Biolnvasions Record 9(4):
772-92. https://doi.org/10.3391/bir.2020.9.4.12.

Karki, S. 2019. “Developing Early Warning Systems for Debris Flows
and Harmful Algal Blooms.” Western Michigan University
Dissertations, 3417.

Kéfi, S., V. Dakos, M. Scheffer, E. H. Van Nes, and M. Rietkerk.
2013. “Early Warning Signals Also Precede Non-catastrophic
Transitions.” Oikos 122(5): 641-8. https://doi.org/10.1111/j.
1600-0706.2012.20838.x.

Kelly, N. E., J. D. Young, J. G. Winter, M. E. Palmer, E. A. Stainsby,
and L. A. Molot. 2017. “Sequential Rather than Interactive
Effects of Multiple Stressors as Drivers of Phytoplankton
Community Change in a Large Lake.” Freshwater Biology 62:
1288-302. https://doi.org/10.1111/fwb.12945.

Kritzberg, E. S., E. M. Hasselquist, M. gkerlep, S. Lofgren, O.
Olsson, J. Stadmark, S. Valinia, L. A. Hansson, and H.
Laudon. 2020. “Browning of Freshwaters: Consequences to
Ecosystem Services, Underlying Drivers, and Potential Mitiga-
tion Measures.” Ambio 49(2): 375-90. https://doi.org/10.1007/
$13280-019-01227-5.

Leach, J. H. 1993. “Impacts of the Zebra Mussel (Dreissena
Polymorpha) on Water Quality and Fish Spawning Reefs in
Western Lake Erie.” In Zebra Mussels. Biology, Impacts, and
Control, edited by T. F. Nalepa and D. W. Schloesser, 381-97.
Boca Raton, FL: Lewis Publishers.

Lenth, R. V., P. Buerkner, M. Herve, J. Love, F. Miguez, H. Riebl,
and H. Singmann 2022. “emmeans: Estimated Marginal
Means, Aka Least-Squares Means.” R package version 1.7.2.
https://cran.r-project.org/web/packages/emmeans/index.html.

Livina, V. N, P. D. Ditlevsen, and T. M. Lenton. 2012. “An Independent
Test of Methods of Detecting System States and Bifurcations in
Time-Series Data.” Physica A: Statistical Mechanics and its Applica-
tions 391(3): 485-96. https://doi.org/10.1016/j.physa.2011.08.025.

Mainka, S. A., and G. W. Howard. 2010. “Climate Change and
Invasive Species: Double Jeopardy.” Integrative Zoology 5(2):
102-11. https://doi.org/10.1111/j.1749-4877.2010.00193.x.

McLeod, A. I (2011). “Kendall: Kendall Rank Correlation and
Mann-Kendal Trend Test.” R package version 2.2. https://
cran.r-project.org/web/packages/Kendall/index.html.

Melendez-Pastor, 1., E. M. Isenstein, J. Navarro-Pedrefio, and M. H.
Park. 2019. “Spatial Variability and Temporal Dynamics of
Cyanobacteria Blooms and Water Quality Parameters in Mis-
sisquoi Bay (Lake Champlain).” Water Supply 19(5): 1500-6.
https://doi.org/10.2166/ws.2019.017.

Moritz, S., S. Gatscha, and E. Wang. 2021. “imputeTS: Time Series
Missing Value Imputation.” R package version 3.2. https://
cran.r-project.org/web/packages/imputeTS.

Nicholls, K. H., G. J. Hopkins, and S. J. Standke. 1997. “Effects of
Zebra Mussels on Chlorophyll, Nitrogen, Phosphorus and
Silica in North Shore Waters of Lake Erie.” http://hdl.handle.
net/10214/15537.


https://doi.org/10.1111/oik.05172
https://doi.org/10.1111/oik.05172
https://doi.org/10.1016/j.jglr.2011.04.002
https://doi.org/10.1016/j.jglr.2011.04.002
https://doi.org/10.1016/S0380-1330(95)71057-7
https://doi.org/10.1016/j.jglr.2010.05.009
https://doi.org/10.1016/j.jglr.2011.03.015
https://doi.org/10.1016/j.jglr.2017.12.003
https://doi.org/10.1016/j.jglr.2017.12.003
https://doi.org/10.1080/10402381.2020.1859025
https://doi.org/10.1080/10402381.2020.1859025
https://doi.org/10.1073/pnas.1608242113
https://doi.org/10.1073/pnas.1608242113
https://doi.org/10.1111/j.1461-0248.2010.01439.x
https://doi.org/10.3391/ai.2008.3.1.4
https://doi.org/10.3391/ai.2008.3.1.4
https://doi.org/10.1139/f04-065
https://doi.org/10.1890/09-1249.1
https://cran.r-project.org/web/packages/tsfeatures/index.html
https://cran.r-project.org/web/packages/tsfeatures/index.html
https://doi.org/10.1016/j.cosust.2018.09.001
https://doi.org/10.3391/bir.2020.9.4.12
https://doi.org/10.1111/j.1600-0706.2012.20838.x
https://doi.org/10.1111/j.1600-0706.2012.20838.x
https://doi.org/10.1111/fwb.12945
https://doi.org/10.1007/s13280-019-01227-5
https://doi.org/10.1007/s13280-019-01227-5
https://cran.r-project.org/web/packages/emmeans/index.html
https://doi.org/10.1016/j.physa.2011.08.025
https://doi.org/10.1111/j.1749-4877.2010.00193.x
https://cran.r-project.org/web/packages/Kendall/index.html
https://cran.r-project.org/web/packages/Kendall/index.html
https://doi.org/10.2166/ws.2019.017
https://cran.r-project.org/web/packages/imputeTS
https://cran.r-project.org/web/packages/imputeTS
http://hdl.handle.net/10214/15537
http://hdl.handle.net/10214/15537

ECOLOGICAL APPLICATIONS

13 of 13

North, R. L., D. Barton, A. S. Crowe, P. J. Dillon, R. M. L. Dolson,
D. O. Evans, and J. D. Young. 2013. “The State of Lake Simcoe
(Ontario, Canada): The Effects of Multiple Stressors on
Phosphorus and Oxygen Dynamics.” Inland Waters 3(1):
51-74. https://doi.org/10.5268/TW-3.1.529.

Oksanen, J., F. G. Blanchet, M. Friendly, R. Kindt, P. Legendre, D.
McGlinn, P. R. Minchin, et al. 2020. “vegan: Community
Ecology Package. R package version 2.5-7. https://CRAN.R-
project.org/package=vegan.

Ortiz, D. A. (2019). “Evaluation of Temporal and Spatial Indicators
of Regime Shifts in Shallow Lakes.” Graduate Theses and
Dissertations 17071. Ames, IA: Iowa State University.

Ortiz, D., J. Palmer, and G. Wilkinson. 2020. “Detecting Changes in
Statistical Indicators of Resilience Prior to Algal Blooms in
Shallow Eutrophic Lakes.” Ecosphere 11(10): e03200. https://
doi.org/10.1002/ecs2.3200.

Pace, M. L., R. D. Batt, C. D. Buelo, S. R. Carpenter, J. J. Cole, J. T.
Kurtzweil, and G. M. Wilkinson. 2017. “Reversal of a
Cyanobacterial Bloom in Response to Early Warnings.”
Proceedings of the National Academy of Sciences 114(2): 352-7.
https://doi.org/10.1073/pnas.1612424114.

Palmer, M. E., J. G. Winter, J. D. Young, P. J. Dillon, and S. J.
Guildford. 2011. “Introduction and Summary of Research on
Lake Simcoe: Research, Monitoring, and Restoration of a
Large Lake and its Watershed.” Journal of Great Lakes
Research 37: 1-6. https://doi.org/10.1016/j.jglr.2011.04.003.

Ralston, J. G., S. M. Irwin, and D. M. Veal. 1975. Lake Simcoe Basin:
A Water Quality and Use Study. Toronto, Canada: OMOE.

Rawson, D. S. 1928. Preliminary Studies of the Bottom Fauna of Lake
Simcoe 1. Toronto, ON: University of Toronto. Publications of
the Ontario Fisheries Research Laboratory.

Reitsema, R. E., P. Meire, and J. Schoelynck. 2018. “The Future of
Freshwater Macrophytes in a Changing World: Dissolved
Organic Carbon Quantity and Quality and its Interactions with
Macrophytes.” Frontiers in Plant Science 9: 629. https://doi.
org/10.3389/fpls.2018.00629.

Rohde, E., N. Pearce, J. Young, and M. A. Xenopoulos. 2022. “Apply-
ing Early Warning Indicators to Predict Critical Transitions in a
Lake Undergoing Multiple Changes.” Figshare. Dataset. https://
doi.org/10.6084/m9.figshare.19131815.v1.

Rstudio Team. 2020. Rstudio: Integrated Development for R. Boston,
MA: Rstudio, PBC http://www.rstudio.com/.

Scheffer, M., S. Carpenter, J. Foley, J. A. Folke, and B. Walker.
2001. “Catastrophic Shifts in Ecosystems.” Nature 413: 591-6.
https://doi.org/10.1038/35098000.

Scheffer, M., J. Bascompte, W. A. Brock, V. Brovkin, S. R.
Carpenter, V. Dakos, H. Held, E. H. van Nes, M. Rietkerk,
and G. Sugihara. 2009. “Early-Warning Signals for Critical
Transitions.” Nature 461(7260): 53-9. https://doi.org/10.1038/
nature08227.

Signorell, A. mult al. 2021. “DescTools: Tools for Descriptive Statis-
tics.” R Package Version 0.99.42. https://cran.r-project.org/
web/packages/DescTools/index.html.

Spears, B. M., M. N. Futter, E. Jeppesen, B. J. Huser, S. Ives, T. A.
Davidson, R. Adrian, et al. 2017. “Ecological Resilience in
Lakes and the Conjunction Fallacy.” Nature Ecology & Evolu-
tion 1: 1616-24. https://doi.org/10.1038/s41559-017-0333-1.

Stelzer, J. A. A, J. P. Mesman, R. Adrian, and B. W. Ibelings. 2021.
“Early Warning Signals of Regime Shifts for Aquatic Systems:
Can Experiment Help to Bridge the Bap between Theory and
Real-World Application.” Ecological Complexity 47: 100944.
https://doi.org/10.1016/j.ecocom.2021.100944.

Tennant, T. L. A. 2013. Seasonal and Long-term Trends in the Dia-
tom and Phytoplankton Community Composition of Lake
Simcoe, Ontario. MSc Thesis, York University. https://
yorkspace.library.yorku.ca/xmlui/handle/10315/32017.

Titus, M., and J. Watson. 2020. “Critical Speeding up as an Early
Warning Signal of Stochastic Regime Shifts.” Theoretical Ecology
13: 449-57. https://doi.org/10.1007/s12080-020-00451-0.

Wang, R., J. A. Dearing, P. G. Langdon, E. Zhang, X. Yang, V. Dakos,
and M. Scheffer. 2012. “Flickering Gives Early Warning Signals
of a Critical Transition to a Eutrophic Lake State.” Nature
492(7429): 419-22. https://doi.org/10.1038/nature11655.

Wang, X., K. Smith, and R. Hyndman. 2006. “Characteristic-Based
Clustering for Time Series Data.” Data Mining and Knowledge
Discovery 13: 335-64. https://doi.org/10.1007/s10618-005-
0039-x.

Wilkinson, G. M., S. R. Carpenter, J. J. Cole, M. L. Pace, R. D. Batt,
C. D. Buelo, and J. T. Kurtzweil. 2018. “Early Warning Signals
Precede Cyanobacterial Blooms in Multiple Whole-Lake
Experiments.” Ecological Monographs 88(2): 188-203. https://
doi.org/10.1002/ecm.1286.

Winter, J. G., J. D. Young, A. Landre, E. Stainsby, and H. Jarjanazi.
2011. “Changes in Phytoplankton Community Composition of
Lake Simcoe from 1980 to 2007 and Relationships with Multi-
ple Stressors.” Journal of Great Lakes Research 37: 63-71.
https://doi.org/10.1016/j.jglr.2010.05.002.

Young, J., and H. Jarjanazi. 2015. Lake Simcoe Monitoring Report
2014. Toronto, Canada: Ministry of the Environment and Cli-
mate Change.

Zeileis, A., C. Kleiber, W. Krdmer, and K. Hornik. 2003. “Testing
and Dating of Structural Changes in Practice.” Computational
Statistics & Data Analysis 44: 109-23. https://doi.org/10.1016/
S0167-9473(03)00030-6.

Zeileis, A., F. Leisch, K. Hornik, and C. Kleiber. 2002.
“Strucchange: An R Package for Testing for Structural Change
in Linear Regression Models.” Journal of Statistical Software
7(2): 1-38.

SUPPORTING INFORMATION
Additional supporting information may be found in the
online version of the article at the publisher’s website.

How to cite this article: Rohde, Elizabeth, Nolan
J. T. Pearce, Joelle Young, and Marguerite

A. Xenopoulos. 2022. “Applying Early Warning
Indicators to Predict Critical Transitions in a Lake
Undergoing Multiple Changes.” Ecological
Applications 32(7): e2685. https://doi.org/10.1002/

eap.2685



https://doi.org/10.5268/IW-3.1.529
https://cran.r-project.org/package=vegan
https://cran.r-project.org/package=vegan
https://doi.org/10.1002/ecs2.3200
https://doi.org/10.1002/ecs2.3200
https://doi.org/10.1073/pnas.1612424114
https://doi.org/10.1016/j.jglr.2011.04.003
https://doi.org/10.3389/fpls.2018.00629
https://doi.org/10.3389/fpls.2018.00629
https://doi.org/10.6084/m9.figshare.19131815.v1
https://doi.org/10.6084/m9.figshare.19131815.v1
http://www.rstudio.com/
https://doi.org/10.1038/35098000
https://doi.org/10.1038/nature08227
https://doi.org/10.1038/nature08227
https://cran.r-project.org/web/packages/DescTools/index.html
https://cran.r-project.org/web/packages/DescTools/index.html
https://doi.org/10.1038/s41559-017-0333-1
https://doi.org/10.1016/j.ecocom.2021.100944
https://yorkspace.library.yorku.ca/xmlui/handle/10315/32017
https://yorkspace.library.yorku.ca/xmlui/handle/10315/32017
https://doi.org/10.1007/s12080-020-00451-0
https://doi.org/10.1038/nature11655
https://doi.org/10.1007/s10618-005-0039-x
https://doi.org/10.1007/s10618-005-0039-x
https://doi.org/10.1002/ecm.1286
https://doi.org/10.1002/ecm.1286
https://doi.org/10.1016/j.jglr.2010.05.002
https://doi.org/10.1016/S0167-9473(03)00030-6
https://doi.org/10.1016/S0167-9473(03)00030-6
https://doi.org/10.1002/eap.2685
https://doi.org/10.1002/eap.2685

	Applying early warning indicators to predict critical transitions in a lake undergoing multiple changes
	INTRODUCTION
	METHODS
	Study area
	State variable monitoring
	Data analysis
	Time series analysis
	EWIs

	RESULTS
	Lake Simcoe time series
	Breakpoint analysis
	EWIs

	DISCUSSION
	Historical trends in Lake Simcoe
	Utility and reliability of EWIs
	Future directions and conclusions

	ACKNOWLEDGMENTS
	CONFLICT OF INTEREST
	DATA AVAILABILITY STATEMENT

	REFERENCES


