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populations: analyses on the rare plant Saussurea weberi
Ronald E. Abbott,1 Daniel F. Doak,2 and Megan L. Peterson2,3
2Environmental

1Independent Researcher, P.O. Box 1431, Greeley, Colorado 80632 USA
Studies Program, University of Colorado Boulder, 4001 Discovery Drive, Boulder, Colorado 80309 USA

Abstract. The mechanisms that stabilize small populations in the face of environmental
variation are crucial to their long-term persistence. Building from diversity–stability concepts
in community ecology, within-population diversity is gaining attention as an important component of population stability. Genetic and microhabitat variation within populations can
generate diverse responses to common environmental fluctuations, dampening temporal variability across the population as a whole through portfolio effects. Yet, the potential for portfolio
effects to operate at small scales within populations or to change with systematic environmental shifts, such as climate change, remain largely unexplored. We tracked the abundance of a
rare alpine perennial plant, Saussurea weberi, in 49 1-m2 plots within a single population over
20 yr. We estimated among-plot correlations in log annual growth rate to test for population-
level synchrony and quantify portfolio effects across the 20-yr study period and also in 5-yr
subsets based on June temperature quartiles. Asynchrony among plots, due to different plot-
level r esponses to June temperature, reduced overall fluctuations in abundance and the probability of decline in population models, even when accounting for the effects of density
dependence on dynamics. However, plots became more synchronous and portfolio effects
decreased during the warmest years of the study, suggesting that future climate warming may
erode stabilizing mechanisms in populations of this rare plant.
Key words: climate; diversity–stability relationship; extinction; persistence; population model; portfolio
effect; response diversity; synchrony.

Introduction
Small, isolated populations are a major component of
biodiversity (Preston 1948, Ehrlich and Daily 1993). Small
population size characterizes not only rare species, but also
ecologically or geographically marginal populations of
many common species (Brown 1984, Lawton 1993).
Further, processes within small, isolated populations contribute disproportionately to the speciation and extinction
rates that shape biodiversity (Brown 1984, Stanley 1986,
Gavrilets et al. 2000, Matthies et al. 2004, Anacker and
Strauss 2014). Yet small populations face a suite of demographic and genetic challenges (Lande 1988, Lynch et al.
1995, Leimu et al. 2006, O’Grady et al. 2006, Willi et al.
2006), and their ability to persist over long periods of time is
a long-standing mystery. Understanding the drivers of population persistence has become increasingly relevant to conservation in this era of fragmentation and environmental
change (Fahrig and Merriam 1994, Earn et al. 2000). In
particular, the ability of species to expand their ranges in
response to climate change will depend on the persistence of
small populations at the leading edges of species’ ranges
(Opdam and Wascher 2004), while ranges may be stabilized
by the viability of small populations at trailing edges.
Manuscript received 15 July 2016; revised 21 November 2016;
accepted 6 January 2017. Corresponding Editor: Elizabeth E.
Crone.
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Temporal variation in abundance, due to both environmental and demographic stochasticity, is thought to
be a major cause of population extinction (Lewontin and
Cohen 1969, Tuljapurkar and Orzack 1980, Inchausti
and Halley 2003, Drake and Lodge 2004). In particular,
population stability relies on mechanisms that reduce the
influence of environmental stochasticity on local abundance. Explanations for population stability include
compensatory density dependence (Ginzburg et al. 1990,
Sinclair and Pech 1996, Reed et al. 2013), migration
within metapopulations (Stacey and Taper 1992, Engen
et al. 2002), and buffering of critical life history stages
(Pfister 1998, Morris and Doak 2004).
Another potentially powerful mechanism that may stabilize populations is within-
population diversity in
responses to environmental variation; such diversity has
the potential to dampen population-level responses to
environmental fluctuations. The importance of this same
mechanism, but operating at the community level, has
been increasingly recognized by ecologists, who have
developed theory and analysis methods to explain the
stabilizing effects of species diversity on community-level
responses (Doak et al. 1998, Tilman et al. 1998, Elmqvist
et al. 2003, Loreau and de Mazancourt 2008, Thibaut and
Connolly 2013). More recently, population ecologists
have begun to apply these ideas to understand how
spatial or genotypic diversity within populations may
promote population persistence (Schindler et al. 2010,
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2015, Acker et al. 2014). The strength of this stabilizing
effect depends on individuals or sub-populations exhibiting diverse responses to common environmental drivers
due to genotype-
by-
environment or spatiotemporal
interactions. These differences generate weakened or
negative correlations in abundance among sub-groups; in
turn, this asynchrony among sub-groups dampens variation in total population abundance in a phenomenon
commonly known as the portfolio effect (Doak et al.
1998, Schindler et al. 2010, Anderson et al. 2013). Density
dependence within sub-groups can also act to amplify or
weaken correlations in abundance, and may thus interact
with environmental responses in the creation of portfolio
effects.
Previously, investigations of this stabilizing mechanism
have focused on response diversity at larger scales, such as
ensembles of populations or obvious habitat or life history
variation. Most notably, stabilizing effects at the scale of
entire fisheries have been demonstrated through asynchrony among populations, life history cohorts, or habitats (Moore et al. 2010, 2014, Schindler et al. 2010,
Thorson et al. 2014). However, even in the absence of
obvious sub-groups, smaller-scale heterogeneity through
microhabitat or genotypic variation could also provide
important stabilizing effects, particularly in sessile
organisms. For example, Acker et al. (2014) found that
individual variation in the age of reproduction stabilizes
semelparous plant populations. Yet there has been relatively little consideration of the effects of fine-scale spatial
variation on population dynamics (Crone 2016), and the
potential for such small-scale heterogeneity to promote
population persistence remains largely unexplored.
Accurate forecasts of population persistence also
require linking the mean and variance in population
growth rate to directional changes in environmental
drivers, such as temperature or precipitation (Boyce et al.
2006). While response diversity may stabilize current
population dynamics, these effects could grow markedly
weaker or stronger with changes in the mean or variance
of environmental conditions. A particular concern is that
genotypes or sub-populations that respond asynchronously to historical patterns of environmental variation
may show increasingly synchronous responses (e.g., correlated declines in performance) in extreme environmental conditions. At the community level, synchrony
among species has been shown to increase with warming
and oligotrophic conditions in plankton communities
(Jochimsen et al. 2013, Thompson et al. 2015) and
reduced or more variable precipitation in grasslands
(Hallett et al. 2014). At the population level, increased
synchrony among sub-populations of salmon has been
correlated with greater hatchery production, dam construction, and dramatic declines in overall abundance
(Isaak et al. 2003, Moore et al. 2010, Satterthwaite and
Carlson 2015). Yet no study, to our knowledge, has
examined the potential for response diversity within populations to change with climate or the impact of these
changes on population persistence, especially applied to
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the highly local scales relevant to the persistence of small
and isolated populations.
Here, we use 20 years of census data for a rare alpine
perennial plant, Saussurea weberi (Asteraceae), taken on
the same 49 study plots, to test whether small-scale variation in abundance through time can substantially stabilize a population and to explore the future of such
stability in a shifting climate regime. In particular, we test
whether small-scale spatial asynchrony can contribute to
population stability in the absence of obvious habitat heterogeneity. Further, we develop and test a general methodology to compare the strength of population stability
with changing climate. We address four specific questions: (1) How is spatial asynchrony among plots related
to other types of plot heterogeneity, such as spatial variation in abundance or growth rate? (2) Does spatial asynchrony among plots substantially contribute to
population stability and persistence? (3) How is population growth and persistence affected by climatic variation? (4) How is population stability impacted by
changes in climate?
Methods
Study species
Saussurea weberi Hultén (Asteraceae) is a globally rare
alpine perennial plant (Colorado Natural Heritage
Program 2001). It is restricted to limestone-or dolomite-
derived soils and is mostly known from only three disjunct regions in the Rocky Mountains: the Anaconda
Range of southwest Montana, the Wind River Range in
central Wyoming, and the Mosquito Range in Colorado
(Abbott 1998, Spackman et al. 2001, Schorr 2013). Plants
of S. weberi produce clustered heads of purple disk
flowers, are self-incompatible, and are pollinated by bees
and flies (Abbott 1998, Spackman et al. 2001). Saussurea
weberi can also spread clonally, with rhizomes producing
dispersed shoots. In our work, shoots were the unit of
study, as it is not possible to identify connections between
shoots without extensive disturbance.
Census plots
In 1996, 50 circular 1-m2 plots were established around
focal inflorescences of S. weberi that had previously been
permanently marked as part of a pollination study
(Abbott 1998). All plots were located within a 5-ha area
at Horseshoe Cirque, Colorado (39.19227° N, 106.16904°
W, 3,750 m above sea level). Each year from 1996 to 2015,
we counted the total number of vegetative and floral
shoots of S. weberi within each plot. Saussurrea weberi
was locally extirpated from one plot in 1999 and never
recolonized, so this plot was removed from further
analysis resulting in a total of 49 plots censused for 20 yr.
On four other occasions, there were years in which we did
not find any S. weberi shoots within a plot, usually due to
extensive disturbance by gophers causing plots to be
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buried in overturned soil. In these cases, shoots were
recorded in the following year, so we retained these plots
in the analyses. We used the total number of shoots
within a plot each year as our measure of abundance
(hereafter N), but used N + 1 for calculations of growth
rates, density-dependent models, or log abundance to
accommodate zeros in the data set. Analyses that
excluded zeros to use N yielded very similar results. These
plots are located on limestone-derived soils within alpine
tundra and span an area that appears relatively homogeneous in terms of the local abiotic and biotic conditions
(Appendix S1: Figs. S1, S2).
Types of spatial heterogeneity
We tested whether heterogeneity among plots contributes to population stability and persistence. First, we
examined three metrics of plot performance: mean abundance over the 20-yr study period (N̄ ), mean yearly log
growth rate (log λ), and mean correlation in log λ with
other plots (ρ̄ ). For each plot, we calculated the annual
log(population growth rate) as log λt = log[(1 + Nt+1)/
(1 + Nt)] (hereafter log λ) and estimated the mean annual
log λ (hereafter log λ). We calculated Pearson correlation
coefficients of log λ for all pairs of plots and used the
mean correlation coefficient per plot (ρ̄ ) as an indication
of plot-level synchrony with other parts of the population. We examined the distribution of each of these
metrics across all plots and tested for relationships
between each pair of performance metrics using univariate linear regressions. All analyses were conducted in
R v. 3.2.3 (R Core Development Team 2015).
Population synchrony and the portfolio effect
There is no single agreed-upon method to quantify the
strength of portfolio effects or synchrony. We used two
straightforward empirical approaches to quantify mean
synchrony across the entire population and the strength
of population stability. First, we calculated the
population-level synchrony index (ϕ) following Loreau
and de Mazancourt (2008) and Thibaut and Connolly
(2013) as

Var(N )
ϕ = ∑ √ total
( i Var(Ni ))2

(1)

where the numerator is the observed variance of the total
population abundance and the denominator is maximal
variance in abundance if all plots are perfectly synchronous but have differing temporal variation. The
denominator is the squared sum of the standard deviations in abundance within each plot i. This index ranges
from 0 if all plots are perfectly asynchronous or abundance is constant to 1 if all plots are perfectly synchronous. If all plots have equal variances, the synchrony
index increases linearly with the mean correlation coefficient and decreases asymptotically with the number of
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plots (Thibaut and Connolly 2013). In reality, the synchrony index also depends on the relationships between
mean and variance in plot abundances and plot-specific
mean correlation coefficients (Thibaut and Connolly
2013).
Second, we estimated the strength of the portfolio
effect (PE) following Anderson et al. (2013) as
Varpred
PE =
(2)
Var(N )
total

where the numerator is the predicted variance of the total
population abundance from a linear regression of log variance on log abundance across all plots and the denominator is the observed variance of the total population
abundance. This method for estimating portfolio effects
takes into account the empirical mean–variance scaling
relationship for a given study system, which is known to
differ among taxonomic groups (Anderson et al. 2013).
Values greater than one indicate stabilizing effects.
Population modeling
We tested the effects of spatial asynchrony and climate
on population persistence using stochastic multi-
site
count-based population models. In these stochastic simulations, population growth was simultaneously projected in all plots over 100 yr, with the results used to
characterize abundance and the probability of population decline over 10,000 replicates.
To more accurately characterize stabilizing diversity in
population dynamics, we tested for evidence of density
dependence (Appendix S1: Fig. S3) and autocorrelation in
log λ within plots. We compared Ricker and density-
independent models of log λ by fitting Poisson generalized
linear mixed models (glmms) with the lme4 package
(Bates et al. 2011). Briefly, we modelled the abundance in
each plot at time t + 1 as a Poisson glmm with a log link
function and an offset for log(Nt). We compared models
including a fixed effect of abundance at time t (Ricker) to
models with only an intercept (density-independent). In
all models, we allowed the intercept to vary randomly
with each observation to account for observation errors
and overdispersion (Elston et al. 2001, Harrison 2014),
and we compared models with random variation in the
intercept and/or slope among years and/or plots using
AICc. The best-supported model was a Ricker model with
random variation in the intercept among years (Appendix
S1: Table S1). We found no support for variation in either
the intercept or slope among plots (ΔAICc = 1.90–49.37),
and when estimated, random coefficients in these models
were extremely small. We used N + 1 as our measure of
abundance in these models; using N and excluding zeros
from the analysis yielded the same best-supported model
in model comparisons and only trivial differences in the
estimated coefficients and random effects.
We incorporated density dependence into our simulations by estimating an expected log λ for each plot in each
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time step based on its abundance and the intercept and
slope from the best-supported Ricker model. To this mean
log λ value we added a plot specific correlated random
value. These correlated random values were estimated by
first taking the difference between the best supported
model predictions (including fixed effects and observation
random effects, but not year effects) and observed log λ
values, and then obtaining the covariance matrix for these
residual values. These residual values implicitly include
year effects to allow for the observed covariances between
plots and year effects (Appendix S1: Fig. S4), but estimate
covariance values while accounting for observation errors
and density effects. We used this covariance matrix to
draw plot-
specific random values from a multivariate
normal distribution with all means centered on zero.
This simulation approach assumes no autocorrelation
in log λ within a plot. Although log λt values between subsequent years tended to be negatively correlated within
plots (Appendix S1: Fig. S5), Durbin-Watson tests for
autocorrelation were only significant in 2 out of 49 plots
after a Bonferonni correction for multiple testing.
Incorporating June temperature (see Climatic drivers of
plot synchrony and population persistence) as a predictor of
annual log λ did not alter this result (Appendix S1: Fig.
S5); residuals from these models were not significantly
autocorrelated in any plots. In each simulation, each plot
was initiated at its observed abundance in 2015 plus one.
In all simulations, we assumed zero dispersal among
plots, based on two lines of evidence. First, annual plot-
level population growth is independent of the total
number of inflorescences, across all plots, in either the
previous 1 or 2 yr (1 yr, β = 0.00023, t = 1.623, P = 0.105;
2 yr, β = −0.00024, t = −1.704, P = 0.089), suggesting that
most population growth is achieved through within-plot
recruitment and clonal reproduction. Second, the plot
that became extinct in 1999 was not recolonized by
S. weberi in the subsequent 16 yr of the study period.
Thus, we assumed that, on the timescales of our simulations, it is extremely rare for individuals of S. weberi to
disperse among plots and thus that extinct plots are not
recolonized with any significant probability. To quantify
population performance, we used mean numbers over
each simulation, and also the probability of falling below
a minimum number. Rather than choosing a single quasi-
extinction threshold, we estimated the probability that the
total population, summed across all plots, would decline
below a percentage (varied from 0.01 to 0.99) of the
observed minimum abundance (N = 1,247) within 100 yr.
We compared several alternative models to our base
models to test the effects of spatial asynchrony and plot
heterogeneity on population persistence. First, we ran
simulations that assumed perfectly synchronous growth
rates across plots. In these simulations, we preserved the
total annual variance in log λ within each plot but altered
the covariances among plots to produce perfect correlations (i.e., we set the covariance between two plots to the
product of their standard deviations). We compared the
probability of decline between these simulations and our
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base models to test the importance of among-plot asynchrony for population persistence. Second, we used a
simulation approach to compare the relative importance
of heterogeneity in abundance and asynchrony among
plots. We repeated the base population simulations after
removing either (1) the five plots with the highest mean
̄ ), (2) the five plots with the lowest mean
abundance (N
Pearson correlation coefficient (with all other 48 plots; ρ̄ ),
or (3) five randomly selected plots (without replacement
and resampled 500 times). We compared the mean abundance and probability of decline among these scenarios.
Climatic drivers of plot synchrony and
population persistence
We downloaded monthly temperature and precipitation data from 1996 to 2015 for the 4 km2 grid encompassing the study plots from the PRISM Climate Group
(Oregon State University, data available online).4 Based
on research in other alpine plant populations (e.g., Doak
and Morris 2010), we initially expected temperature or
precipitation in June or July to most strongly influence
yearly variation in growth rates and abundance, and univariate regressions of abundance on each of these four
variables identified June temperature as the best potential
driver. We confirmed the importance of June temperature
relative to other climatic variables through a formal
model selection process that considered temperature and
precipitation across several time periods. We fit linear and
quadratic models of total S. weberi abundance (summed
across all plots) in each year using annual, summer (June–
August) and monthly (May–September) temperature
means and precipitation sums, standardized to z scores
with mean 0 and SD 1, as potential predictor variables.
We fit all possible models using the dredge package
(Barton 2014), with the constraints that models included
four or fewer terms and that quadratic terms were only
considered in conjunction with the respective linear terms.
We compared model fit using AICc. As we predicted, June
temperature had very high explanatory power across a
wide range of models (AICc weight = 0.96, relative to 0.57
for the next highest variable, August precipitation). June
temperature was the only climate variable that was present
in every model in the 95% candidate set (Appendix S1:
Table S2), and more complex models had only marginally
better predictive power, so we chose June temperature as
the best single variable predictor of S. weberi abundance.
We used several analyses to explore whether mean
June temperature influences among-plot synchrony and
population stability. First, we tested whether plots differed in their responses to mean June temperature. We
considered annual log abundance, log λ, and residuals in
log λ from a Ricker model as response variables and fit
models with linear and quadratic terms for June temperature, plot, and plot × temperature interactions as fixed
effects (Appendix S1: Table S3). We compared the
4http://prism.oregonstate.edu
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responses of the most and least synchronous plots by
refitting these models using only the five plots with the
highest (synchronous) or lowest (asynchronous) mean
Pearson correlation coefficients (ρ̄ ). Second, we subset the
20-yr data set into four 5-yr groups based on mean June
temperature quartiles. We compared the strength of synchrony and population stability across these temperature
quartiles by reestimating the Pearson correlation coefficients in log λ among plots, the synchrony index, and the
portfolio effect separately for each 5-yr subset. We generated confidence intervals for each estimate by resampling plots with replacement to create 2000 replicate
bootstrap data sets and used the bias-corrected and accelerated confidence intervals with the bca option in the
boot package in R (Canty and Ripley 2016). Finally, we
regressed mean June temperature on year to test whether
June temperature has increased over the 20-yr time series.
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Results
Types of spatial heterogeneity
We detected small-scale variation in mean abundance,
growth rate, and synchrony among plots (Fig. 1). However,
these different types of plot heterogeneity were not clearly
correlated. Variation in mean growth rate and mean synchrony were not significantly related to variation in mean
abundance across plots in univariate regressions (̄λ,
β = 0.0002, t = 0.671, P = 0.506; ρ̄ , β = 0.0009, t = 1.122,
P = 0.267; Fig. 1B, C). There was a significant relationship
between mean synchrony and mean growth rate (ρ̄ ,
β = 0.6309, t = 2.109, P = 0.040), but this relationship
explained very little of the variance among plots (adjusted
R2 = 0.067; Fig. 1F). Annual growth rates of most plots
were positively correlated with each other, indicating
log λ

̄ mean annual growth rate (log (λ)), and mean correlation in
Fig. 1. Different types of plot heterogeneity: mean abundance (N),
log λ with other plots (̄ρ). (A, E, G) Histograms of each metric across all 49 plots. (B, C, F) Pairwise relationships between each of
the metrics. (D) Correlation matrix of log λ between all pairs of plots. Darker shades indicate larger correlations (blue, positive;
red, negative), and plots are ordered to group by strength and direction of correlations. [Colour figure can be viewed at
wileyonlinelibrary.com]
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similar temporal responses in abundance; however, a few
asynchronous plots were weakly or negatively correlated
with most other plots in the population (Fig. 1D).
Correlations among plots were similar when using residuals
in log λ from a Ricker model (Appendix S1: Fig. S6).
Population synchrony and the portfolio effect
The population-level synchrony index was 0.055. This
value corresponds to a mean correlation coefficient of
0.035 if all plots had equal variances (Thibaut and
Connolly 2013), indicating that plot fluctuations are close
to independent. This low value reflects the influence of a
few asynchronous plots as well as the negligible cor
relations between many other plots (Fig. 1D). Corres
pondingly, the population portfolio effect was 2.92;
observed variance in total numbers was nearly three
times lower than would be predicted by the mean to variance ratio expected from individual plots, showing that
spatial asynchrony strongly reduces the variation in total
abundance through time (Fig. 2A).
Population analyses
The risk of decline was markedly lower in simulations using the observed correlations in log λ among
plots relative to simulations that assumed perfect
synchrony (Fig. 2B). The lower risk of decline in

observed simulations reflects the stabilizing influence of
low synchrony among plots, since these simulations
did not differ in their mean abundance (perfect synchrony simulations, mean = 1,724, SD = 587; observed
simulations, mean = 1,728, SD = 208). The best-

supported model of population growth estimated an
intrinsic maximum growth rate (intercept) as 0.0508
(SE = 0.0197) and a density-dependent slope with Nt as
−0.0013 (SE = 0.0003). The observation-level variance
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was estimated as 0.0118 and the temporal variance was
0.0033.
Different types of plot heterogeneity had differing
effects on population abundance and the relative risk of
decline. Removal of the five plots with the highest abundance, representing 23% of the total population in 2015,
increased the risk of small declines by immediately
reducing the starting population size in simulations
(Fig. 3). However, removal of the five plots with the
lowest correlation coefficients, representing less than
10% of the total population in 2015, had the greatest
effect on the risk of a dramatic decline (<75% of observed
minimum abundance; Fig. 3). The mean population
abundance was most sensitive to removal of plots with
the highest mean abundance (Fig. 3). Random plot
removal had the smallest effects on the probability of
decline or the mean abundance. Removing the most
abundant or least synchronous plots reduced the mean
abundance to the 0.6th and 26th percentiles observed
under random plot removal, respectively. Population
simulations produced higher mean abundances relative
to observations, but observed total abundances were
well within the distribution of total abundances across
simulations, and simulated abundances within plots
were correlated with observed plot mean abundances
(Appendix S1: Fig. S7).
Climatic drivers of population persistence
Total S. weberi abundance during the census period was
negatively correlated with annual variation in mean June
temperature (β = −65.68, t = −4.987, P < 0.001; Fig. 4).
Differences in plot-level synchrony, quantified as the mean
correlation coefficient, reflect in part the differences among
plots in their responses to June temperature. There was a
significant plot × temperature interaction for log abundance, but not log λ (log N, F = 1.87, df = 48, 833, P < 0.01;

Fig. 2. Portfolio effects and population persistence in Saussurea weberi. (A) Shows log(variance) vs. log(mean abundance) for
all 49 plots (gray circles) and across the whole population (gray triangle). Portfolio effect (PE) is the ratio of the predicted to the
observed variance for the whole population. Synchrony index (ϕ) is the ratio of observed variance to the squared sum of the plot
standard deviations. Taylor’s law z is the slope of the regression of log(variance in abundance) on log(mean abundance within
plots). (B) Probability of declining below a threshold within 100 yr based on simulations using either the observed log λ correlations
(solid line) or assuming perfect synchrony (dashed line).
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Fig. 3. Relative importance of different types of plot heterogeneity. Comparison of simulations including all plots (solid black
̄ solid gray line) or lowest mean correlation
line) with simulations removing the five plots with either the highest abundance (N,
coefficient (̄ρ, dashed gray line) for mean population abundance (right) and risk of declining below the observed minimum abundance
within 100 yr (left).

log λ: F = 0.56, df = 48, 784, P = 0.99; Appendix S1: Table
S3). Further, the most synchronous plots exhibited declines
in both log abundance and log λ with the highest June temperatures (Appendix S1: Table S3; Fig. 5). Conversely,
annual variation in log abundance and log λ were not significantly related to June temperature in asynchronous
plots (Appendix S1: Table S3; Fig. 5). Repeating these
analyses with residuals in log λ from a Ricker model did
not alter these results (Appendix S1: Table S3).
June temperature also influences the overall strength
and pattern of synchrony and population stability.
Because of the effect of June temperature in driving synchrony among more synchronous plots (Fig. 5), using
5-yr subsets of the data with similar temperatures resulted
in lower estimates of synchrony and higher estimates of
the portfolio effect, relative to estimates across the entire

20-yr time series. However, by comparing among temperature quartiles, we found a reduction in population stability in warmer years. Population-
level synchrony is
stronger in warmer years (Fig. 6A), due to a shift toward
more positive correlation coefficients in log λ among
plots (Fig. 6B). Similarly, portfolio effects were weakest
in the warmest quarter of years (Fig. 6C). Stronger portfolio effects occurred for all three of the other quartiles,
with the strongest portfolio effects occurring for years
close to median temperatures. Confidence intervals for
these estimates, obtained by resampling plots with
replacement, were very large (Fig. 6), indicating the
importance of a few asynchronous plots in driving these
patterns. When plots were resampled with replacement,
portfolio effects were weaker and synchrony was stronger
in the warmest quartile, relative to the second quartile, in

Fig. 4. Annual variation in Saussurea weberi abundance in relation to mean June temperature. (A) Annual variation in mean
June temperature (solid line) and total abundance of S. weberi (dashed line). (B) Annual abundance declines with increasing June
temperatures. [Colour figure can be viewed at wileyonlinelibrary.com]
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Fig. 5. Synchrony among plots is partially driven by similar responses to June temperature. Regression lines from the best-fit
models for each group and response variable (Appendix S1: Table S3). (A and B) Annual abundance and (C and D) annual log λ
within plots as a function of June temperature for the five plots with the highest (A and C; synchronous) and lowest (B and D;
asynchronous) mean correlation coefficients. Note that the y-axis in panels A and B is on a log scale.

81% and 55% of the bootstrapped data sets, respectively.
Finally, mean June temperature has increased during the
20-yr study period (Fig. 6D; year, β = 0.112, t = 2.184,
P = 0.042).
Discussion
The mechanisms that stabilize small populations in the
face of environmental variability are crucial to their conservation (Boyce et al. 2006). Here, we show that weakly
or negatively correlated responses across small spatial
scales play an important role in stabilizing a population
of a rare alpine perennial plant, S. weberi. Yet stabilizing
mechanisms may themselves change with environmental
shifts, potentially leading to rapid declines in abundance
(Doak and Morris 2010, Lawson et al. 2015). For
Saussurea, plot-
level dynamics become more synchronous and population stability is reduced as June temperature increases, as it has over the last 20 yr at this
population’s location.
Small-scale spatial heterogeneity and
population persistence
Diversity–stability relationships have been demonstrated at ecosystem and community scales (Loreau et al.

2001, Tilman et al. 2006, Cardinale et al. 2007, Thibaut
et al. 2012), and more recently among habitats or life
history strategies within populations (Schindler et al.
2010, Anderson et al. 2013, Thorson et al. 2014). We
examined temporal variation in abundance of S. weberi
across 1-m2 plots and found diverse responses to June
temperature at even this small spatial scale. Accounting
for this diversity in population models reduced the probability of decline relative to a model where all plots are
strongly synchronous. Although less-studied, such small-
scale diversity in dynamics, either among genotypes or
microhabitats, may be an important stabilizing mechanism within populations, particularly in sessile
organisms. Critically, this implies that data from small
sub-samples of a population may overestimate the temporal variability, and thus the risk of decline, of the entire
population. Additional simulations could address how
the degree of response diversity and potential for dispersal among sub-groups affects the magnitude of portfolio effects and the potential for bias in population
models.
In this study, we cannot distinguish whether asynchrony
among plots is due to genotypic or micro-environmental
interactions with June temperature. These plots are located
in alpine tundra on limestone-derived soils and do not
span any obvious habitat boundaries. However, several
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Fig. 6. Among-plot synchrony and portfolio effects are influenced by mean June temperature. (A) Population-level synchrony
index and (C) portfolio effect estimates for 5-yr subsets of the 20-yr time series based on June temperature quartiles. The x-axis gives
the mean June temperature within each subset. Gray lines in panels A and C give the bias-corrected and accelerated confidence
intervals (BCa) from 2,000 bootstrap replicates; upper confidence limits exceed the scale of these plots. Note: the y-axis in panel C
is on a log scale. (B) The frequency distribution of correlation coefficient plot means in the second quartile (dashed line) and the
fourth and warmest quartile (solid line) created using the density function in R. Circles give the medians of each distribution. (D)
June temperature has increased across the 20-yr time series (slope, P value, and adjusted R2 are given for a regression of temperature
on year).

environmental variables are likely to differ among plots,
including local nutrient availability, micro-topography, the
intensity of grazing or competition, and the frequency of
soil disturbance. Although we did not detect any environmental features separating asynchronous plots from the
rest of the population, it is probable that multiple unobserved or even unobservable aspects of the local environment influence the effects of June temperature within
these plots. Alternatively, genotype-by-environment interactions could drive plot asynchrony. Saussurea weberi can
produce new shoots clonally, and plots at this small spatial
scale could represent different genets with similar or
divergent temperature responses. Importantly, accounting
for density dependence using Ricker models did not alter
the magnitude of correlations among plots. This suggests
that density dependence within plots is not driving these
asynchronous responses in S. weberi. However, in other
systems, density dependence at fine spatial scales could act
to either increase or decrease synchrony and its population
effects.
Regardless of the mechanisms, response diversity has
important consequences for population persistence and
should be considered in conservation planning (Hilborn
et al. 2003, Anderson et al. 2015). In our population models,
loss of the five most asynchronous plots, representing only
10% of the S. weberi population, had a greater impact on
the risk of a dramatic decline than loss of 23% of the population in the most abundant plots. Similarly, studies of

portfolio effects in salmon suggest that conserving diversity
in life history, thermal tolerance, or other sub-population
characteristics stabilizes overall fishery abundances (Moore
et al. 2010, Thorson et al. 2014, Anderson et al. 2015).
Thus, conservation of asynchronous groups, including
those living in different microhabitats or different genotypes, will be more effective than conservation prioritization based on abundance alone (Earn et al. 2000).
Stabilizing mechanisms in a warming world
Populations are increasingly impacted by shifts in
climate regime (Parmesan and Yohe 2003, Chen et al.
2011). Systematic changes in the mean and variability of
local climate can have profound impacts on population
growth rates (Lawson et al. 2015). Here, we demonstrate
an additional consequence of climate change: the loss of
population stability through portfolio effects. Although
spatial asynchrony has stabilized the abundance of
S. weberi over the past 20 yr, we find evidence that this
stabilizing mechanism may be sharply reduced with future
environmental change. Specifically, among-
plot synchrony increased and population-level stability decreased
in the warmest years of the study period. Growth rates
and abundances within synchronous plots also declined
with the warmest June temperatures. Further, June temperatures have steadily increased over the 20-yr census
period. Decreased population growth rates combined
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with greater synchrony among plots suggest that S. weberi
could decline rapidly with continued warming.
We examined population synchrony and portfolio
effects across temperature quartiles to explore the impact
of changing climate on population persistence. One
advantage of this approach is that it captures changes in
stability during the most extreme climate conditions.
However, these analyses also require long-term data to
encompass sufficient climate variation and an understanding of the climatic variables that drive population
dynamics; even a 20-yr study provides scant data for such
explorations. Other studies have compared stability
through time using sliding window analysis or by comparing early and late portions of the time series, then correlating changes in stability with temporal shifts in other
environmental factors (Moore et al. 2010, Satterthwaite
and Carlson 2015). Alternatively, experimental manipulations could potentially be used to quantify portfolio effects
under current and future climate regimes (e.g., Thompson
et al. 2015). By testing for environmental or temporal shifts
in population stability, we can gain a broader understanding of the strength of portfolio effects within populations and the sensitivity of such effects to changing climate.
Taken together, our findings suggest that (1) portfolio
effects can operate at small scales to stabilize populations
even in the absence of obvious habitat or life history variation, and (2) such stabilizing mechanisms can weaken
with directional environmental changes. The loss of stabilizing mechanisms could magnify and accelerate the negative impacts of climate change in small populations.
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