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Abstract 4 

Loss of resilience in population numbers in response to environmental perturbations may be predicted with 5 

statistical metrics called early warning signals (EWS) that are derived from abundance time series. These 6 

signals, however, have been shown to have limited success, leading to the development of trait-based EWS 7 

that are based on information collected from phenotypic traits such as body size. Experimental work assessing 8 

the efficacy of EWS under varying ecological and environmental factors are rare. In addition, disentangling 9 

how such warning signals are affected under varying ecological and environmental factors is key to their 10 

application in biological conservation. Here, we experimentally test how different rates of environmental 11 

forcing (i.e., warming) and varying ecological factors (i.e., habitat quality and phenotypic diversity) affected 12 

population stability and predictive power of early warning signals of population collapse. We analyzed 13 

population density and body size time series data from three phenotypically different populations of a 14 

protozoan ciliate Askenasia volvox in two levels of habitat quality subjected to three different treatments of 15 

warming (i.e., no warming, fast warming, and slow warming). We then evaluated how well abundance- and 16 

trait-based EWS predicted population collapses under different levels of phenotypic diversity, habitat quality, 17 

and warming treatments. Our results suggest that habitat quality and warming treatments had more profound 18 

effects than phenotypic diversity had on both population stability and on the performance of abundance-based 19 

signals of population collapse. In addition, trait-based EWS generally performed well, were reliable, and 20 

more robust in forecasting population collapse than abundance-based EWS, regardless of variation in 21 

environmental and ecological factors. Our study points towards the development of a predictive framework 22 

that includes information from phenotypic traits such as body size as an indicator of loss of resilience of 23 

ecological systems in response to environmental perturbations. 24 
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Introduction 28 

Ecological systems are inherently complex due to their stochastic, multi-dimensional, and nonlinear nature 29 

(Hastings et al. 2018). In the face of anthropogenic climate change, predicting such complex dynamics has thus 30 

become increasingly important ((Maris et al. 2018, Clements and Ozgul 2018, Pennekamp et al. 2019). One 31 

approach for predicting future ecological states in response to environmental change is to search for 32 

phenomenological signals in data which can act as predictors of the future state of that system. Such signals, also 33 

known as early warning signals (EWS), have been demonstrated to be useful in predicting abrupt shifts in algal 34 

blooms in lake ecosystems (Wilkinson et al. 2018), predicting collapse in experimental microcosms (Drake and 35 

Griffen 2010, Dai et al. 2012, Clements and Ozgul 2016a), and also been useful in detecting historical collapses 36 

of whale populations (Clements et al. 2017a). The effectiveness of these signals, however, (van Nes and Scheffer 37 

2007, Dakos et al. 2008, 2012, Clements and Ozgul 2018), in forecasting collapses have not been yet been tested 38 

in differing ecological and environmental conditions. 39 

Broadly EWS approaches can be broken down into abundance-based (aEWS) (van Nes and Scheffer 2007, 40 

Drake and Griffen 2010, Dutta et al. 2018) and trait-based (tEWS) (Baruah, Clements, & Ozgul, 2020; Clements, 41 

Blanchard, Nash, Hindell, & Ozgul, 2017a; Clements & Ozgul, 2016). aEWS are a suite of statistical signatures 42 

that can be derived from abundance (or biomass as a proxy for abundance) time series data of dynamical systems 43 

undergoing rapid changes in response to gradual changes in environmental pressures (Kéfi et al. 2013). Suggested 44 

statistical signatures estimated from abundance, that could measure whether a dynamical system is near a 45 

transition, are variance and autocorrelation, although various other metrics have also been developed (Boettiger 46 

and Hastings 2012). As environmental perturbation on a system keeps increasing, both variance and 47 

autocorrelation in abundance time series, quantified using a moving time window, are expected to increase over 48 

time (Kéfi et al. 2013). aEWS are applicable to dynamical systems that displays both catastrophic (abrupt collapse 49 

observed in systems with strong positive feedback loops) and non-catastrophic (gradual declines as observed in 50 

our population collapse experiment) transitions. According to Kefi et al., 2013, aEWS are expected to be observed 51 

when a dynamical system becomes increasingly sensitive to continuous environmental perturbation and exhibits 52 

a non-linear response to a linear forcing, even in the absence of a catastrophic bifurcation point. 53 

Previous theoretical findings on robustness of aEWS suggested that performance of aEWS are related to the 54 

slope of the stability landscape curve (also known as ‘ball-in-well’ curve; see Nolting & Abbott, 2015 for details) 55 

which quantifies stability (Dai et al. 2015, Baruah et al. 2020). Stability landscape curves provides a visual 56 
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representation of how resilience and stability of a dynamical system are correlated with the state of the system 57 

(Nolting and Abbott 2015).  For instance, a sharp slope in the stability-landscape curve means that the population 58 

is inherently stable to environmental perturbations. The steeper the slope of the stability-landscape curve, the more 59 

stable the population is, and stronger the aEWS are when a population is forced to collapse (Baruah et al. 2020).  60 

This is due to the fact that populations in higher quality habitats have higher growth rates and are thus inherently 61 

more stable (able to recover faster after perturbation) and the time series are thus less variable. Consequently, 62 

when highly stable populations are forced to collapse, the change in metrics such as standard deviation and 63 

autocorrelation are more easily observed as the baseline values for these metrics are more dissimilar to the values 64 

in the vicinity of a bifurcation or tipping point, thus making them easier to detect. Hence, any ecological (here 65 

phenotypic variation) or environmental variable (habitat quality, rate of forcing) that influences the inherent, 66 

baseline stability of populations, should have an effect on the performance of aEWS (table 1). 67 

In addition, aEWS require only state-based data such as abundance or biomass, but they have had limited 68 

success in forecasting population collapses (Boerlijst et al. 2013, Baruah et al. 2020). As a consequence, parallel 69 

time series data collected from phenotypic traits such as body size, used together with variance or autocorrelation 70 

estimated from abundance time series data, has been shown to predict collapses reliably and accurately (Clements 71 

and Ozgul 2016b, Clements et al. 2017b, Baruah et al. 2019, Arkilanian et al. 2020). EWS that focus on shifts in 72 

phenotypic traits such as body size or standard deviation of body size fall into the category of tEWS. Such tEWS 73 

have been demonstrated to reduce the rate of false positives; it also allowed true positives to appear earlier (Baruah 74 

et al., 2020; Clements et al., 2017b; Clements & Ozgul, 2016). The speed of environmental change could be put 75 

in terms of generation time of an observed organism. Baruah et al. 2019 suggested that medium to slow rate of 76 

environmental change in terms of generation time of an organism is needed for body size or fitness related trait 77 

shift to be useful in forecasting population collapses. Under these conditions, tEWS can outperform abundance-78 

based metrics in predicting population collapses in response to environmental forcing. However, experimental 79 

evaluation of whether EWS (aEWS and tEWS) can reliably forecast population collapses under differing 80 

environmental conditions is still unknown. 81 

One environmental forcing that poses a threat to biodiversity is anthropogenic warming. Warming could 82 

expose natural populations to new climatic niches that could induce shifts in ecological processes and destabilize 83 

populations  (Walther et al. 2002, Clements et al. 2013, Baruah et al. 2018). Such changes in temperature could 84 

not only influence a species’ survival in a habitat, but could also alter dynamics of a population, and in turn could 85 
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induce a cascading collapse at the community level (Kratina et al. 2012, DeLong et al. 2015, Svensson et al. 2017, 86 

Rudolf and Roman 2018).  In addition, ecological responses to climate warming could also range from shifts in 87 

species distribution ranges to shifts in phenology, and to declines in mean body size (Auth et al. 2018, Jara et al. 88 

2019). In fact, declines in mean body size has been suggested to be the third universal response to global warming 89 

(Van Buskirk et al. 2010, Gardner et al. 2011, Baudron et al. 2014).  90 

Concurrent with anthropogenic warming, habitat degradation poses another major threat to global 91 

biodiversity (Griffen and Drake 2008). Decreases in habitat quality can be driven by increases in habitat 92 

degradation, consequently causing a decline in resources available for a species (Franken and Hik 2004, Griffen 93 

and Drake 2008). Specifically, low habitat quality due to low number of resources could cause populations to 94 

have a low growth rate (Griffen & Drake, 2008). Consequently, abundances remain low, populations have low 95 

resilience to environmental change, and are at increased risk of collapse due to demographic stochasticity (Lande 96 

1993, Willi and Hoffmann 2009, Fraser et al. 2014, Sæther et al. 2016). Theoretical work has suggested that our 97 

ability to predict population declines decreases as population growth rate decreases (Baruah et al. 2020), implying 98 

that populations in poor quality habitats are at risk of collapsing unpredictably. Unravelling how EWS are affected 99 

by varying drivers of collapse is thus key to their application to real-world conservation issues. In this study, we 100 

changed the quality of habitat by manipulating the per capita resource available for the microcosm populations. 101 

To deal with changing environmental conditions, natural populations persisting in different habitats could be 102 

phenotypically diverse (Violle et al. 2012). For instance, a population could consist of different phenotypes that 103 

respond differently, in terms of intrinsic growth rates, to changes in temperature (different temperature reaction 104 

norms). Variation in growth rates in response to different temperature regimes could be particularly important 105 

from a demographic viewpoint. In general, variation in demographic rates negatively affects long-term growth 106 

rate (Tuljapurkar and Orzack 1980) and in turn the stability of populations.  Whether the basis of phenotypic 107 

variation is genetic, environmental, or demographic, trait variation could potentially decrease extinction risk 108 

(Doebeli 1996, Bolnick et al. 2011).  If phenotypic variation in growth rates in the population is high, the risk of 109 

a population collapse due to extreme environmental stochasticity is expected be low (Schindler et al. 2010). This 110 

is because, some phenotypes, which would otherwise have low fitness in a stable environment, could now have 111 

high fitness as the environment fluctuates and matches their optimum conditions.  112 

Theoretical predictions from previous studies had indicated that higher phenotypic variation would negatively 113 

influence the performance of aEWS (table 1). This is because high phenotypic variation leads to low average 114 
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population growth rate, which then leads to low asymptotic stability (Baruah et al. 2020), and consequently 115 

negatively influences aEWS (table 1). On the contrary, habitat quality is predicted to increase the carrying capacity 116 

and growth rate of a population (Griffen and Drake 2008), which then increases population stability and resilience 117 

(Baruah et al. 2020). An increase in stability leads to increase in the effectiveness of aEWS in forecasting 118 

population declines (table 1). In terms of tEWS, we hypothesize that strength in tEWS (e.g., average body size) 119 

would be higher in a good quality habitat in comparison to a poor quality habitat. This is because in poor quality 120 

habitats, mean body size would already be low, and shifts in average body size or tEWS would be weak when 121 

populations are forced to collapse.  We also hypothesize that strength of shifts in mean body size would be higher 122 

in populations with high phenotypic variation in comparison to populations with low phenotypic variation (table 123 

1). This is because high phenotypic variation, either arising due to environmental conditions (plasticity) or genetic 124 

variation, should lead to a faster shift in mean body size in response to changes in the environment (Baruah et al. 125 

2019) (table 1). 126 

 Here, we assess the effects of warming (slow, fast, and constant), habitat quality manipulated by the amount 127 

of food resources made available (good and poor), and phenotypic diversity (three different populations) on early 128 

warning signals of population collapse. We analyzed population abundance and body size time series data from 129 

three phenotypically diverse populations of the protozoan ciliate Askenasia volvox in two levels of habitat quality 130 

(low and high quality) subjected to three different rates of warming (no warming, fast warming, and slow 131 

warming). We then investigated whether habitat quality, phenotypic diversity and rate of warming altered the 132 

performance of abundance- and trait-based warning signals of population collapse. Our study highlights the 133 

effectiveness of EWS under varying ecological and environmental conditions and sheds lights to their overall 134 

applicability to real-world scenarios.  135 

2. Methods and Materials: 136 

2.1 Experiment 1: Thermal performance curves  137 

We collected individuals of the freshwater protozoan ciliate Askenasia volvox along an elevational gradient 138 

(405 m, 1000 m, 1500 m, 2100 m) from four freshwater ponds in several different regions in Switzerland. From 139 

each of the four populations, a single individual was selected to produce clonal populations. A.volvox can readily 140 

grow in filtered mineral water (Volvic mineral water, see appendix 1 for mineral concentrations). Each of the four 141 
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populations were fed 0.7 ml of the Cryptophyte, Cryptomonas (kept at a density of 1.02 × 105 individuals/ml) 142 

every three days to keep the population growing. 143 

To investigate for differences in thermal performances across the four clonal populations, we conducted a 144 

thermal performance experiment. The four populations were grown at 8 different constant temperature treatments 145 

ranging from 150 C to 280 C with four replicates each in 20 ml plastic cell culture flasks. The replicate populations 146 

had the same initial population density at the start of the experiment (70 individuals/ml). Each of the replicates in 147 

all the temperature treatments were provided with 0.5 ml of Cryptomonas (at a density of ~35 x 103 individuals/ml) 148 

every three days of the experiment to keep the populations growing (Fig. S1B for food levels on population 149 

density). Sampling for population density were carried out every day for the next 14 days. A logistic growth model 150 

was fitted to population density over time for all the replicates of the four A.volvox populations to estimate rmax 151 

across the temperature range (Fig. S1A). rmax is the per capita growth rate which could be used as a proxy for 152 

population fitness. Thermal response curves suggested that, out of the four A.volvox populations, one from (405m 153 

altitude) and one from (1500m) had similar thermal reaction norms. In other words, rmax curves of two populations 154 

(405m and 1500m) overlapped substantially. However, the two other clonal populations (1000m and 2100m) had 155 

different response curves indicating that there were at least three distinct phenotypes of A.volvox. We only show 156 

the thermal response curves of the three distinct clonal populations in fig. S1A. Henceforth, we took three of the 157 

four A.volvox populations, named as C1 (405 m), C2 (1000 m), and C3 (2100 m) and used them for our next 158 

population collapse experiment. 159 

2.2 Experiment 2: Population Collapse  160 

With three populations of A. volvox that had three different optimum temperatures (Fig. S1A), we assessed 161 

whether phenotypic diversity and habitat quality affected our ability to predict population collapses. First, to create 162 

a gradient of phenotypic diversity, we assembled different populations with three levels of phenotypic variation 163 

that comprised of combinations of three clones of A.volvox together (high diversity) (see Fig. 1 for experimental 164 

design); combinations of two clonal populations together (medium diversity), and single clonal populations (low 165 

diversity). Thus, the high diversity population was assembled by having all three phenotypes (C1, C2 and C3) in 166 

the same culture flask, with a total of four replicates. The medium phenotypic diversity population was assembled 167 

by combining two of the three phenotypically different clones (C1 and C2, C2 and C3, C3 and C1, each of the 168 

combinations having 4 replicates) in the same culture flask with a total of twelve replicates; and finally low 169 

phenotypic diversity level was assembled with single clonal populations (C1, C2, C3 each with 4 replicates) in a 170 
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given culture flask, with a total of twelve replicate populations. The replicate populations in different diversity 171 

levels were subjected to three different experimental warming treatments: a) a control treatment of 180 C where 172 

the temperature remained constant throughout the experiment, b) a slow warming treatment of +0.20 C per day, 173 

and c) a fast warming of + 0.40 C per day. 174 

To assess the effect of habitat quality on the ability to predict collapses with EWS, the above setup was 175 

divided into habitats with two different food quality: a) a high-quality habitat (~35 x 103 ml-1 of Cryptomonas fed 176 

every three days to the replicate populations) and (b) a poor-quality habitat (~12 x 103 ml-1 of Cryptomonas fed 177 

every three days to the populations). The amount of food given to A. volvox populations in the high quality habitat 178 

treatment led to a higher carrying capacity in comparison to the populations in the poor quality habitat (Fig. S1B). 179 

In total 168 microcosms (7 groups of clones x 3 warming treatments x 2 habitat quality x 4 replicates) were 180 

established for the experiment.  181 

The starting density for all populations was 70 individuals/ml, divided equally between the number of 182 

phenotypes within the population (i.e. when phenotypic diversity is one, 70 individuals/ml were added; when 183 

phenotypic diversity was two, 35 individuals/ml were added of each phenotype; and when phenotypic diversity 184 

was three, 23 individuals/ml were added of each of the phenotype). Warming treatments were started on day 2 of 185 

the experiment to ensure that none of the clones were outcompeted before the warming treatments started and 186 

impacted population dynamics. Each replicate microcosm was sampled with a cell counter under a light 187 

microscope to assess the number of individuals in 1 ml of culture medium, and sampling continued until the 188 

extinction of the population. Extinction was assumed if 3 ml of the sampled microcosm had zero individuals. The 189 

warming treatments started from 180 C.  Of 168 total microcosms, 4 in control, 2 in fast, and 1 in slow warming 190 

treatment failed to establish within five days and were discarded. 191 

For estimating mean body size and standard deviation of body size, 1 ml of culture medium from each of the 192 

replicates was pipetted into a counting chamber and was then covered with a glass slide. Next, 5 to 10 second 193 

videos of each of the replicates were taken under the microscope every day until populations were inferred to be 194 

extinct. Note that in our study we define population decline as decreases in population numbers and collapse as 195 

local extinction of the population. We took one video per sample. However, when the number of individuals were 196 

less than 5 in a given frame, we took multiple (n = 3) videos. Later, these videos were analysed with the help of 197 

ImageJ and R package BEMOVI to estimate mean and standard deviation of body size (details in Pennekamp et 198 

al. 2015). We used BEMOVI solely to estimate body size (mean width). Furthermore, the threshold values used 199 
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in ImageJ to define the masks of individuals were 55 and a maximum value of 255 (see example Fig. S8-11). 200 

However, it is possible that misidentification due to strict threshold values could lead to underestimation of body 201 

size. 202 

2.3 Stability, mean body size and average population size  203 

From the control warming treatment, we estimated average population size, mean body size and temporal 204 

variability for each habitat quality and phenotypic diversity treatment. One measure of stability is temporal 205 

variability (Donohue et al. 2016), which can be estimated from coefficient of variation (CV) of population . Next, 206 

we assessed whether mean body size, population size, and CV, were affected by habitat quality and phenotypic 207 

diversity in the control warming treatment. 208 

2.4 Abundance-based early warning signals of population collapse 209 

Nonetheless, we estimated the timing of the bifurcation point for each replicate’s abundance time series 210 

independently from the population collapse experiment. For a population with density-dependent growth, a 211 

bifurcation point occurs when the growth rate of the population shifts and remains below one (Drake and Griffen 212 

2010). We estimated the bifurcation time point by fitting loess to realised growth rates (Nt+1/Nt) over time t, where 213 

Nt is the population density at day t. The timing of the bifurcation point was established by recording the first time 214 

point at which the realized growth rate fell and remained below 1 prior to the collapse of the population (i.e. the 215 

timepoint t when Nt+1/Nt <1). To note that the timing of the bifurcation points was estimated on population time 216 

series data generated from the population collapse experiment and not from the temperature performance curves. 217 

Due to variation in the timing of bifurcation point in replicate populations, we took the mean of the bifurcation 218 

time points across the replicates in each of the diversity levels. aEWS analyses were done on abundance time 219 

series data up to the bifurcation time point. Doing this ensured standardization of the length of the time series 220 

(Arkilanian et al. 2020). We then quantified two aEWS namely autocorrelation at first-lag (AR1) and standard 221 

deviation (SD) - most other aEWS can be mathematically derived from AR1 and SD. The two statistical metrics 222 

AR1 and SD were calculated with a predefined sliding window which is 50% of the length of the time series 223 

analyzed (Dakos et al. 2012). We used Gaussian detrending to discard any trend in the abundance time series data. 224 

Next, we z-standardized both the aEWS metrics so that it would be easier to compare with trends of tEWS metrics 225 

(see section 2.5). We quantified the strength of aEWS by estimating Kendall’s tau rank correlation coefficient. 226 
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Higher positive value of Kendall’s tau correlation coefficient with time would indicate an approaching population 227 

collapse. 228 

2.5 Trait-based early warning signals of population collapse 229 

We used body size based information to create trait-based warning signals (tEWS) (Baruah et al., 2019; 230 

Clements et al., 2017b; Clements & Ozgul, 2016). Mean body size (mean.size) and standard deviation of body 231 

size (SDsize) time series data were z-standardized. The length of body size time series that were analyzed were of 232 

the same length as its corresponding abundance time series. Before an imminent population collapse, aEWS such 233 

as SD and AR1 are expected to increase over time (Kéfi et al. 2013). However, mean body size is expected to 234 

decrease over time in response to the different warming treatments (Brown et al. 2004). Hence, the standardized 235 

mean body size (mean.size) time series was subsequently multiplied by -1 so that it could be compared alongside 236 

aEWS. Hence, increases in mean body size would now indicate an approaching collapse. Standard deviation of 237 

body size, suggested to be a descriptor of variation in size, does not have an expected trend, although size-238 

dependent competition can cause a rise in variance of body size ( Clements & Ozgul, 2016).  239 

We then evaluated and compared the performance of AR1, SD, mean.size, SDsize as the four unique indicators 240 

of collapse in populations. Specifically, we compared how shifts in body size-based indicators performed in 241 

comparison to abundance-based metrics alone.  242 

2.6 Statistical analysis of abundance- and trait-based early warning signals  243 

To assess the effects of habitat quality, rate of warming, and phenotypic variation on performance of aEWS 244 

and tEWS we used linear mixed-effects models (Bates et al. 2012). Kendall’s tau correlation coefficient of AR1, 245 

SD, mean body size (mean.size), and standard deviation of body size (SDsize) were the response variables, and 246 

predictor variables were categorical factors of warming (constant, slow and fast), habitat quality (good and poor), 247 

and phenotypic diversity (one, two and three). The categorical predictor variables were included in the model as 248 

three-way and two-way interactive fixed effects and replicates nested within phenotypic diversity were included 249 

as random effects. Model selection was done using AICc for small sample sizes. Significance of the fixed effects 250 

were assessed based on their standardized coefficients and their corresponding F-values. Post-hoc analysis on 251 

interactive fixed effects were done using Tukey’s linear contrasts using the multcomp R package. 252 

2.7 Performance of abundance- and trait-based warning signals: ROC curves 253 
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In addition, we evaluated the overall performance of tEWS and aEWS in predicting collapses with receiver-254 

operating characteristics (ROC) curves. ROC is a comparison of sensitivity (true positives) and 1- specificity 255 

(false positives) of an evaluated metric. ROC curve evaluates whether a metric can distinguish between two events 256 

- population collapse (increasing temperature treatments) and population persistence (constant temperature 257 

treatment).  Next, we calculated ROC curves with a series of different threshold values of Kendall’s Tau and 258 

plotted true positive rate (TPR i.e. ability to predict collapses) (also known as sensitivity) and false positive rate 259 

(also known as 1-specificity) with the help of R library plotROC.  260 

 261 

3. RESULTS 262 

Populations of A.volvox collapsed through transcritical bifurcation. Such protozoan populations reproduce 263 

asexually and consequently are unlikely to exhibit fold bifurcations, a fact supported by the lack of sudden 264 

collapses in our experimental systems (Fig. 2). The timing of population collapses was longer in the slow warming 265 

treatment then in the fast warming treatment (Fig. S12), however, there were not substantial differences in collapse 266 

points across the phenotypic diversity or habitat quality treatments (see Fig. S12). 267 

3.1 Phenotypic diversity and habitat quality on population dynamics in the control temperature treatment 268 

In the control temperature treatment, CV was higher in the poor quality habitat than in the good quality habitat 269 

signifying lower stability in the populations in poor quality habitats than in the good quality habitats (est = 0.087, 270 

s.e = 0.02, P = 0.0001) (Fig. 3A). In the good quality habitat, high phenotypic diversity (three clones together) led 271 

to high stability in comparison to low phenotypic diversity (one clone) (linear contrasts, P = 0.03). However, in 272 

the poor quality habitat, phenotypic diversity did not have an impact on CV (Fig. 3A). 273 

Poor quality habitat had a greater negative effect on average population size than high quality habitat in the 274 

control temperature treatment (est = -11.03, s. e.  = 1.52, P < 0.00001) (Fig. 3B). Within the habitat quality 275 

treatment, however, phenotypic diversity did not have any effect on average population size.  276 

Mean body size was on average smaller in the poor quality habitat than in the good quality habitat for the 277 

control treatment (est = -3.27, s.e = 0.843, P = 0.0005). Phenotypic diversity did not have an effect on mean body 278 

size in either of the habitats (Fig. 3C).  279 



 11 

3.2 Phenotypic diversity, habitat quality, and warming on abundance-based EWS of population collapse 280 

In the population collapse experiment (experiment 2), the final temperatures experienced by replicate 281 

populations in slow warming treatment was 290C and for fast warming treatment it was 380C.   282 

Strength of AR1 (Kendall’s tau value of AR1) in predicting population collapse was unaffected by phenotypic 283 

diversity. AR1 performed slightly worse in the poor quality habitat (est = -0.08, s.e = 0.07) than in the good quality 284 

habitat (Fig. 4).  However, Kendall’s tau value of AR1 was on average below zero suggesting that shifts in AR1 285 

did not occur before population collapse. 286 

In the good quality habitat, SD performed better in the slow warming treatment than in the fast warming 287 

treatment (est = 0.40, s.e =0.10, P = 0.002). However, even though Kendall’s tau value of SD was higher in the 288 

slow warming treatment than in the fast warming, the overall strength was below zero, suggesting that SD was 289 

unable to predict collapses in the good-quality habitat. In the poor-quality habitat, regardless of different rates of 290 

warming, SD was unable to predict population collapse; there was no rise in SD before an approaching collapse, 291 

indicated by negative Kendall’s tau values (Fig. 4).  292 

 293 

3.3 Phenotypic diversity, habitat quality and warming on trait-based EWS of population collapse 294 

Shifts in mean body size (mean.size) were affected by habitat quality and warming treatment (table 2, table 295 

S5).  For the slow warming treatment, shifts in body size were larger (denoted by higher Kendall’s tau value) in 296 

the good quality habitat than in the poor quality habitat (est = -0.42, s.e = 0.12, P =0.005, Fig. 4). However, in the 297 

fast warming treatment, shifts in mean body size were larger in the poor quality than in the good quality habitat 298 

(est = 0.43, s.e = 0.11, P = 0.002, Fig. 4). On average, when compared within the poor habitat quality, shifts in 299 

mean body size were observed more in the slow warming treatment than in the fast warming treatment (est = -300 

0.378, s.e = 0.12, P= 0.021). However, in the good quality habitat, shifts in mean body size were observed more 301 

in the fast warming treatment than in the slow warming treatment (est = 0.48, s.e=0.11, P =0.002).  302 

Warming influenced shifts in standard deviation of body size, i.e., SDsize. Shifts in SDsize was more evident 303 

in the poor quality habitat and slow warming treatment, then in the fast warming treatment (est = 0.43, s.e =0.13, 304 

P=0.008) (Fig. 4). In addition, in the slow warming treatment, shifts in SDsize was more prominent in the poor 305 

quality habitat then in the <good quality habitat (est =0.40, s.e =0.14, P=0.032).  306 



 12 

3.4 Performance of abundance- and trait-based EWS: ROC analysis 307 

ROC analysis suggested that SDsize was the best performing metric in predicting population collapse as well 308 

as in predicting population persistence with an AUC (area under the curve) of 0.95. This meant that the rate of 309 

true positives in predicting whether a population is persisting or is declining are high. In case of mean.size, AUC 310 

was around 0.90 (Fig. 5) . mean.size metric performed slightly worse than SDsize  particularly in predicting 311 

population persistence, where false positive fraction was a bit higher than SDsize. In the case of abundance-based 312 

signals, SD and AR1 were very sensitive and less specific in predicting either population persistence or population 313 

decline (Fig. 5). 314 

4. Discussion  315 

While research on EWS have grown recently, their efficacy in predicting population collapses has rarely been 316 

tested under different ecological and environmental factors. Here, we experimentally tested the utility of 317 

abundance and trait-based EWS in predicting population collapses under changes in ecological (habitat quality 318 

and phenotypic diversity) and environmental factors (rate of warming). Overall, aEWS performed poorly across 319 

all the treatments (Fig. 4). On the other hand, tEWS generally performed better and were robust to changes in 320 

different ecological and environmental factors (Fig. 4-5). 321 

Any ecological (here phenotypic variation) or environmental variable (habitat quality, rate of warming) that 322 

influences inherent stability of populations, should have an effect on the performance of aEWS (table 1). To 323 

determine, whether a population was inherently stable, one could estimate CV of population size (Donohue et al. 324 

2016). If CV was large, population would be less stable to environmental perturbations. Indeed, we found that 325 

replicate populations in good quality habitat on average were inherently less variable (low CV) in population size 326 

and thus more stable (Fig. 3), than populations in low quality habitat (high CV). Such a result indicated that 327 

populations in good quality are predicted to exhibit stronger aEWS than populations in low quality habitat (table 328 

1) (note that our control treatment timeseries were not long transients as they did not show any sudden shifts to 329 

another alternative state). In principle, we did find that Kendall’s tau value of SD to be higher in good quality 330 

habitat than in poor quality habitat, however, SD still performed poorly in predicting population collapses in all 331 

experimental treatments (Fig. 4C, table S4).  332 

Rate of increase in temperature in the fast warming treatment was twice that of the slow warming treatment. 333 

Hence, populations exposed to the fast warming treatment experienced higher temperatures and consequently 334 



 13 

collapsed earlier than those exposed to the slow warming treatments (Fig. S12). In addition, in the fast warming 335 

treatment, SD was worse in predicting population collapses even when quality of habitat was high, indicating that 336 

higher amount of food availability was not enough to offset the negative effect of fast warming treatment (Fig. 337 

4C, table S4). Earlier theoretical studies have suggested that rate of environmental forcing could influence the 338 

trends of aEWS (Clements & Ozgul, 2016), as we also experimentally observe here.  339 

Contrary to theoretical expectations (table 1), our experimental results showed that the effects of phenotypic 340 

variation on the performance of aEWS were largely negligible in the warming treatments, regardless of the quality 341 

of the habitat. In the control treatment, however, when equilibrium population sizes were tracked, the effects of 342 

phenotypic variation on CV was noticeable in good quality habitat, with higher stability observed when 343 

phenotypic variation was higher, particularly in high phenotypic diversity (Fig. 3). This would suggest that 344 

populations with high phenotypic variation should exhibit stronger aEWS when forced to collapse than 345 

populations with low phenotypic variation (Baruah et al. 2020). However, we did not observe any such result. 346 

The lack of noticeable effect of phenotypic variation on performance of aEWS could probably be attributed to 347 

relatively stronger effects of both environmental forcing and habitat quality that might have swamped the effects 348 

of phenotypic variation. Moreover, the failure of aEWS in forecasting population collapses could also be due to 349 

noise in the experimental data and the length of timeseries used for EWS analysis, both of which have been 350 

previously studied in detail (Dutta et al. 2018, Arkilanian et al. 2020).  351 

Shifts in body size were influenced both by the quality of habitat and the rate of warming. Specifically, for 352 

slow rate of warming, larger body size shifts were observed in the good quality habitat then in the poor quality 353 

habitat. We lacked a reasonable explanation, but we speculated that due to higher amount of food availability in 354 

the good quality habitat, decreases in mean body size were solely because of warming as followed from the 355 

metabolic theory of ecology (Brown et al. 2004) . However, in the poor quality habitat and slow rate of warming 356 

treatment, lack of food availability already caused mean body size to be small (Fig. 2, table 1) before slow 357 

increases in temperature crossed the optimum and affected body size. As such, further decreases in body size due 358 

to warming was not possible, owing to the limits of plastic capacity of body size of A. volvox. Hence, we observed 359 

less stronger trends in shifts in mean body size in poor quality habitat then in good quality habitat in the slow 360 

warming treatment, which was in line with our hypothesis. However, a different response was observed in the fast 361 

warming treatment. Body size shifts were stronger in the poor quality habitat for the fast warming scenario than 362 

in the slow warming scenario (Fig. 4A). Because the rate of warming was faster, increases in temperature crossed 363 
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the optimum of the different clonal populations faster, and hence shifts in mean body size was relatively steeper 364 

than in slow warming treatment, which was compounded by the lack of food availability in the poor quality 365 

habitat. Consequently, stronger trends in shifts in body size were observed in poor quality habitat when compared 366 

with good quality habitat, where high amount of food availability possibly compensated the decrease in body size. 367 

In addition to this, shifts in body size produced fewer false positives and its performance, based on ROC analysis, 368 

was better than the other abundance-based metrics.  369 

Our experimental populations also showed shifts in standard deviation of body size before population collapses 370 

(Fig. 4B). In harvested ecological systems, decline  in variance in body size distribution had been shown to occur 371 

before collapse of populations (Clements et al., 2017). However, it was also possible for variance in trait 372 

distribution to increase when size dependent competition for resources was predominant, and where competitive 373 

ability of individuals depend on their trait value (Clements & Ozgul, 2016).  In our experiment, variance in mean 374 

body size increased following different warming treatments before collapses of populations. Further, based on 375 

ROC analysis, variance in body size produced the fewest false positives and had the highest accuracy in predicting 376 

whether a population is persisting or declining (Fig. 5). To this end, we were unsure about the mechanisms behind 377 

the increases in standard deviation in body size before a population collapse in response to warming. Body size 378 

based signals are thus obvious candidates to include within the suite of generic early warning signals. This is 379 

because of consistent predictions of population collapse by shifts in body size in response to different 380 

environmental scenarios ranging from population harvests, decline in food availability, and now warming in this 381 

study.  382 

Critical transitions such as collapses of populations (Wissel 1984) or transition to an alternative state as observed 383 

in freshwater lakes, where a clear-water macrophyte dominated state can transition to a turbid-water dominated 384 

by plankton due to eutrophication (Scheffer et al. 1993) are examples where phenomenological signals could be 385 

useful in forecasting early transitions. These transitions are driven by external forcing such as increasing nutrient 386 

load, or temperature that pushes the system away from equilibrium and thereby degrading the ecosystem functions 387 

(Jeppesen et al. 2010). With acute increases in global temperature, shifts in ecosystem functions, functional traits, 388 

or body size are expected to increases along with shifts in abundances and biomass. Such shifts in traits, ecosystem 389 

functions, or biomass could be indicative of an ecological system moving away from its equilibrium, and 390 

consequently resilience of the system could decline. EWS are thus a tool to predict these changes beforehand. 391 
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However, our results point towards the fact where aEWS fail in forecasting future changes, tEWS can greatly 392 

improve forecasting ability of future population collapses.  393 

In conclusion, our experimental results demonstrated that aEWS were unreliable in forecasting population 394 

declines regardless in the presence of phenotypic variation or higher habitat quality, results that were quite 395 

contrary to theoretical predictions. However, tEWS were robust in forecasting population declines across all 396 

different treatments. In particular, shifts in body size was influenced by quality of habitat and rate of warming 397 

(table 1). Mean body size shifts were prominent in good quality habitat when rate of warming was slow in line 398 

with our predictions (table 1). However, combined effect of fast rate of warming and poor quality habitat resulted 399 

in stronger shifts in body size, in comparison to body size shifts in good quality habitat. Nevertheless, tEWS 400 

outcompeted aEWS in forecasting population declines. Thus, we advocate a predictive framework where both 401 

aEWS and tEWS are combined to inform management decision. Because EWS (aEWS and tEWS) do not make 402 

mechanistic assumptions, these signals could be used as a first-pass tools to identify populations or communities 403 

at risk of collapse, before a more detailed investigation is carried out. Such a framework then plays to the strength 404 

of EWS as a predictive tool. 405 

Data availability statement: Data uploaded at Zenodo doi: 10.5281/zenodo.4564955.  406 

Link: https://zenodo.org/record/4564955#.YDkx2JNKjlw 407 

References 408 

 409 
Arkilanian, A. A. et al. 2020. Effect of time series length and resolution on abundance- and 410 
trait-based early warning signals of population declines. - Ecology 101-7: e03040. 411 

Auth, T. D. et al. 2018. Phenological and distributional shifts in ichthyoplankton associated with 412 
recent warming in the northeast Pacific Ocean. - Glob. Change Biol. 24: 259–272. 413 

Baruah, G. et al. 2018. Impacts of seven years of experimental warming and nutrient addition on 414 
neighbourhood species interactions and community structure in two contrasting alpine plant 415 
communities. - Ecol. Complex. 33: 31–40. 416 

Baruah, G. et al. 2019. When Do Shifts in Trait Dynamics Precede Population Declines? - Am. Nat. 417 
193: 633–644. 418 

Baruah, G. et al. 2020. Eco-evolutionary processes underlying early warning signals of population 419 
declines. - J. Anim. Ecol. 89: 436–448. 420 

Bates, Douglas, et al. Package ‘lme4’. CRAN. R Foundation for Statistical Computing, Vienna, 421 
Austria (2012). 422 



 16 

Baudron, A. R. et al. 2014. Warming temperatures and smaller body sizes: synchronous changes in 423 
growth of North Sea fishes. - Glob. Change Biol. 20: 1023–1031. 424 

Boerlijst, M. C. et al. 2013. Catastrophic Collapse Can Occur without Early Warning: Examples of 425 
Silent Catastrophes in Structured Ecological Models (RV Solé, Ed.). - PLoS ONE 8: e62033–426 
e62033. 427 

Boettiger and Hastings 2012. Quantifying limits to detection of early warning for critical transitions. - 428 
J. R. Soc. Interface 9: 2527–2539. 429 

Bolnick, D. I. et al. 2011. Why intraspecific trait variation matters in community ecology. - Trends 430 
Ecol. Evol. 26: 183–92. 431 

Brown, J. H. et al. 2004b. Toward a Metabolic Theory of Ecology. - Ecology 85: 1771–1789. 432 

Clements, C. F. and Ozgul, A. 2016a. Including trait-based early warning signals helps predict 433 
population collapse. - Nat. Commun. 7: 10984–10984. 434 

Clements and Ozgul, A. 2016b. Including trait-based early warning signals helps predict population 435 
collapse. - Nat. Commun. 7: 10984. 436 

Clements, C. F. and Ozgul, A. 2016c. Rate of forcing and the forecastability of critical transitions. - 437 
Ecol. Evol. In press: 7787–7793. 438 

Clements and Ozgul, A. 2018. Indicators of transitions in biological systems (J Metcalf, Ed.). - Ecol. 439 
Lett. 21: 905–919. 440 

Clements, C. F. et al. 2013. Interactions between assembly order and temperature can alter both 441 
short- and long-term community composition. - Ecol. Evol. 3: 5201–5208. 442 

Clements et al. 2017a. Body size shifts and early warning signals precede the historic collapse of 443 
whale stocks. - Nat. Ecol. Evol. 1: 0188. 444 

Clements et al. 2017b. Body size shifts and early warning signals precede the historic collapse of 445 
whale stocks. - Nat. Ecol. Evol. 1: 0188–0188. 446 

Dai, L. et al. 2012. Generic Indicators for Loss of Resilience Before a Tipping Point Leading to 447 
Population Collapse. - Science 336: 1175–1177. 448 

Dai, L. et al. 2015. Relation between stability and resilience determines the performance of early 449 
warning signals under different environmental drivers. - Proc. Natl. Acad. Sci. U. S. A. 112: 450 
10056–61. 451 

Dakos, V. et al. 2008. Slowing down as an early warning signal for abrupt climate change. - Proc. 452 
Natl. Acad. Sci. U. S. A. 105: 14308–12. 453 

Dakos, V. et al. 2012. Methods for Detecting Early Warnings of Critical Transitions in Time Series 454 
Illustrated Using Simulated Ecological Data. - PLOS ONE 7: e41010. 455 

DeLong, J. P. et al. 2015. The Body Size Dependence of Trophic Cascades. - Am. Nat. 185: 354–366. 456 

Doebeli, M. 1996. Quantitative genetics and population dynamics. - Evolution 50: 532–546. 457 



 17 

Donohue, I. et al. 2016. Navigating the complexity of ecological stability. - Ecol. Lett. 19: 1172–1185. 458 

Drake, J. M. and Griffen, B. D. 2010. Early warning signals of extinction in deteriorating 459 
environments. - Nature 467: 456–459. 460 

Dutta, P. S. et al. 2018. Robustness of early warning signals for catastrophic and non-catastrophic 461 
transitions. - Oikos 127: 1251–1263. 462 

Franken, R. J. and Hik, D. S. 2004. Influence of habitat quality, patch size and connectivity on 463 
colonization and extinction dynamics of collared pikas Ochotona collaris. - J. Anim. Ecol. 73: 464 
889–896. 465 

Fraser, D. J. et al. 2014. Population size, habitat fragmentation, and the nature of adaptive variation 466 
in a stream fish. - Proc. R. Soc. B Biol. Sci. 281: 20140370. 467 

Gardner, J. L. et al. 2011. Declining body size: A third universal response to warming? - Trends Ecol. 468 
Evol. 26: 285–291. 469 

Griffen, B. D. and Drake, J. M. 2008. Effects of habitat quality and size on extinction in experimental 470 
populations. - Proc Biol Sci 275: 2251–2256. 471 

Hastings, A. et al. 2018. Transient phenomena in ecology. - Science 361: eaat6412. 472 

Jara, F. G. et al. 2019. Warming-induced shifts in amphibian phenology and behavior lead to altered 473 
predator–prey dynamics. - Oecologia 189: 803–813. 474 

Jeppesen, E. et al. 2010. Impacts of climate warming on lake fish community structure and potential 475 
effects on ecosystem function. - Hydrobiologia 646: 73–90. 476 

Kéfi, S. et al. 2013. Early warning signals also precede non-catastrophic transitions. - Oikos 122: 641–477 
648. 478 

Kratina, P. et al. 2012. Warming modifies trophic cascades and eutrophication in experimental 479 
freshwater communities. - Ecology 93: 1421–1430. 480 

Lande, R. 1993. Risks of Population Extinction from Demographic and Environmental Stochasticity 481 
and Random Catastrophes. - Am. Nat. 142: 911–927. 482 

Maris, V. et al. 2018. Prediction in ecology: promises, obstacles and clarifications. - Oikos 127: 171–483 
183. 484 

Nolting, B. C. and Abbott, K. C. 2015. Balls, cups, and quasi-potentials: quantifying stability in 485 
stochastic systems. - Ecology 97: 15-1047.1. 486 

Pennekamp, F. et al. 2015. BEMOVI, software for extracting behavior and morphology from videos, 487 
illustrated with analyses of microbes. - Ecol. Evol. 5: 2584–2595. 488 

Pennekamp, F. et al. 2019. The intrinsic predictability of ecological time series and its potential to 489 
guide forecasting. - Ecol. Monogr. 89: e01359. 490 

Rudolf, V. H. W. and Roman, A. 2018. Trophic structure alters consequences of environmental 491 
warming. - Oikos 127: 1646–1656. 492 



 18 

Sæther, B. et al. 2016. Demographic routes to variability and regulation in bird populations. - Nat. 493 
Commun. 7: 1–8. 494 

Scheffer, M. et al. 1993. Alternative equilibria in shallow lakes. - Trends Ecol. Evol. 8: 275–279. 495 

Schindler, D. E. et al. 2010. Population diversity and the portfolio effect in an exploited species. - 496 
Nature 465: 609–612. 497 

Svensson, F. et al. 2017. In situ warming strengthens trophic cascades in a coastal food web. - Oikos 498 
126: 1150–1161. 499 

Tuljapurkar, S. D. and Orzack, S. H. 1980. Population dynamics in variable environments I. Long-run 500 
growth rates and extinction. - Theor. Popul. Biol. 18: 314–342. 501 

Van Buskirk, J. et al. 2010. Declining body sizes in North American birds associated with climate 502 
change. - Oikos 119: 1047–1055. 503 

van Nes, E. H. and Scheffer, M. 2007. Slow recovery from perturbations as a generic indicator of a 504 
nearby catastrophic shift. - Am. Nat. 169: 738–747. 505 

Violle, C. et al. 2012. The return of the variance: intraspecific variability in community ecology. - 506 
Trends Ecol. Evol. 27: 244–252. 507 

Walther, G.-R. et al. 2002. Ecological responses to recent climate change. - Nature 416: 389–395. 508 

Wilkinson, G. M. et al. 2018. Early warning signals precede cyanobacterial blooms in multiple whole-509 
lake experiments. - Ecol. Monogr. 88: 188–203. 510 

Willi, Y. and Hoffmann, A. A. 2009. Demographic factors and genetic variation influence population 511 
persistence under environmental change. - J. Evol. Biol. 22: 124–133. 512 

Wissel, C. 1984. A universal law of the characteristic return time near thresholds. - Oecologia 65: 513 
101–107. 514 

 515 

 516 

 517 

 518 

 519 

 520 

 521 



 19 

Table 1: Predicted theoretical outcomes of aEWS and tEWS of population collapse associated with different 522 

levels of treatments used in the experiment.  523 

Treatments Treatment 

Levels 

EWS Predicted or hypothesized outcome of aEWS and 

tEWS* 

Phenotypic 

variation 

High aEWS Low strength in SD and AR1[1]  

tEWS High strength in mean body size shift [1] 

aEWS Medium strength in SD and AR1[1] 

Medium tEWS Medium strength [1] 

aEWS Highest strength in SD and AR1[1] 

Low tEWS Low strength [1] 

aEWS Low strength in both SD and AR1[2,3] 

Warming Fast tEWS Low strength in mean body size shift [4] 

aEWS High strength in both SD and AR1[2,3] 

Slow tEWS High strength in mean body size shift [4] 

aEWS High strength in both SD and AR1[1] 

Habitat quality High tEWS High strength in mean body size shift [4] 

aEWS Low strength in both SD and AR1[1] 

Low tEWS Low strength in mean body size shift [4] 

 524 

*(hypothesized for only mean body size) 525 

[1] (Baruah et al. 2020); [2](Clements & Ozgul, 2016) ; [3] (Arkilanian et al., 2020); [4] this study 526 
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 527 

Table 2: Models indicating the relationships between the response variables (SD, AR1, mean.size, SDsize ) and 528 

predictor variables of habitat quality (Habitat), warming (Warming), and phenotypic diversity (Diversity). The 529 

best model was determined by the lowest AICc value. ΔAICc in the table gives the difference between the best 530 

model (in bold) and the next best one. Note that phenotypic diversity treatment did not appear as an important 531 

predictor in any of the aEWS and tEWS signals and hence not listed in the table. (DF= degrees of freedom of the 532 

model). 533 

Response variable 

(Kendall’s tau value) 

Fixed effects DF AICc ΔAICc 

SD Habitat + Warming + Habitat:Warming 9 162 0 

Warming 5 170.2 8.2 

AR1 Habitat 4 100.2 0 

Warming 6 101.7 1.5 

mean.size Habitat + Warming + Habitat: Warming 9 216.7 0 

Habitat + Warming 7 242.1 25.4 

SDsize  Warming 6 195.7 0 

Habitat + Warming + Habitat:Warming 9 197.7 2 

 534 

 535 
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 536 

Figure 1: Experimental design with three warming treatments (fast, slow, and constant) for two different levels 537 

of habitat quality (good and poor) and for three different levels of phenotypic variation (low, medium, and 538 

high). Each replicate populations both in good quality and poor quality habitat collapsed either through fast or 539 

slow warming treatment or did not collapse (constant temperature treatment). Total replicate populations used in 540 

the experiment was 168. 541 

 542 

Good quality habitat Poor quality habitat

Warming (Fast, slow, constant)

C1 = 4 reps 

C2= 4 reps 

C3 = 4 reps

(C1 + C2) = 4 reps 

(C2 + C3) = 4 reps 

(C3+ C1) = 4 reps

C1 + C2 + 

C3 = 4 reps

C1 = 4 reps 

C2= 4 reps 

C3 = 4 reps

(C1 + C2) = 4 reps, 

(C2 + C3) = 4 reps, 

(C3+ C1) = 4 reps

C1 + C2 + 

C3 = 4 reps

Single 

clones : low 

phenotypic 

diversity

Two clones: 

medium 

phenotypic 

diversity

Three 

clones: high 

phenotypic 

diversity

*reps = replicates
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 543 

Figure 2: Density (Individuals per ml), mean body size (in m) and standard deviation of body size over time till 544 

population collapse for all the four replicates for the high level of phenotypic diversity treatment across two 545 

qualities of habitat (Good and Poor) and across two rates of warming –Slow warming and Fast warming. The 546 

thick blue lines are loess smoothing across replicates; dashed black line indicates the bifurcation point across 547 

replicates. 548 
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 550 

Figure 3: Coefficient of variation (CV), average population size, and mean body size for control temperature 551 

treatment (180 C) for different levels of phenotypic diversity and habitat quality. Note that high value of CV results 552 

in unstable population dynamics.  553 
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554 

Figure 4: Model predicted values of Kendall’s tau correlation coefficient with standard error bars on Y-axis for 555 

the tEWS i.e., mean body size (mean.size), SD of body size (SDsize) and for aEWS i.e., SD and AR1, with habitat 556 

quality and warming treatment as interactive factors on X-axis. Note that Kendall’s tau coefficient below zero 557 

would indicate that the EWS did not shift before an approaching population collapse. Also note that we did not 558 

include ‘phenotypic diversity’ treatment in the above figure as it was not an important factor in any of the best 559 

models (see table 2). aEWS metrics such as SD and AR1 were unable to predict population collapse across all 560 

treatments; tEWS metrics, such as ‘Mean body size’ (mean.size) and ‘SD of body size’ (SDsize), had Kendall’s 561 

tau values above zero indicating reliable prediction of population collapses across treatments. For control 562 
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temperature treatment, both aEWS and tEWS metrics did not shift i.e., Kendall’s tau were below zero, accurately 563 

predicting no population collapse.  564 

 565 

 566 

Figure 5: ROC curves comparing the performances of the four early warning metrics, for a range of threshold 567 

Kendall’s tau values from -1 to 1 (left). ROC curves above 1:1 line denote a higher probability of true positives 568 

than by chance alone. The area under the curve (AUC) quantifies the probability of true detection of population 569 

collapse versus the false positives of collapse. Higher the value of AUC, better the EWS (right).  570 
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