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ABSTRACT

Environmental stochasticity is a key determinant of population viability. Decades of work exploring how environmental stochas-
ticity influences population dynamics have highlighted the ability of some natural populations to limit the negative effects of
environmental stochasticity, one of the strategies being demographic buffering. Whilst various methods exist to quantify demo-
graphic buffering, we still do not know which environmental components and demographic mechanisms are most responsible

for the demographic buffering observed in natural populations. Here, we introduce a framework to explore the relative impacts of

environmental components (i.e., temporal autocorrelation and variance in demographic rates) on demographic buffering and the

demographic mechanisms that underly these impacts (i.e., population structure and demographic rates). Using integral projec-

tion models, we show how demographic buffering is more sensitive to environmental variance relative to environmental autocor-
relation. In addition, environmental autocorrelation and variance impact demographic buffering through distinct demographic
mechanisms—i.e., population structure and demographic rates, respectively.

1 | Introduction

Understanding how populations minimise the negative effects
of environmental stochasticity is central to ecology and evo-
lution (Sutherland et al. 2013). A key prediction of population
ecology is that increased environmental stochasticity, defined
as the temporal variation in demographic rates (e.g., rates of

progression, stasis, retrogression and fertility) (Engen, Bakke,
and Islam 1998), reduces a population's stochastic growth rate
(4¢) (Tuljapurkar 1982, 1989). In extreme cases, this variance in
demographic rates can lead to local extinction (Bull et al. 2007;
Lennartsson and Oostermeijer 2001; May 1973; Melbourne and
Hastings 2008; Saether, Islam, and Perrins 1998). Environmental
variability, hereon defined as the temporal variation in climate
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variables across timesteps (e.g., temperature, precipitation),
is a key driver of variance in demographic rates (Jongejans
et al. 2010). Importantly, the stochasticity in vital rates of species
sensitive to environmental variables is projected to change across
the globe due to climate change (e.g., temperature: Bathiany
et al. 2018; Di Cecco and Gouhier 2018; Lewis and King 2017;
Masson-Delmotte et al. 2021; Shen et al. 2011; Urban 2015).
Therefore, understanding the environmental components (e.g.,
temporal autocorrelation and variance in demographic rates)
and demographic mechanisms influencing the relationship be-
tween environmental stochasticity and population dynamics is
both important and timely.

Three key considerations are needed to relate demographic
rate variance to population dynamics. First, increased de-
mographic rate variance negatively effects a population's
growth rate (Arthreya and Karlin 1971; May 1973). Second,
the negative effects of demographic rate variance on popula-
tion growth are exacerbated when variance occurs in the de-
mographic rate(s) of highest importance (i.e., sensitivity) to
A,. However, the negative effect of demographic rate variance
on A, can be reduced (or increased) when demographic rates
covary negatively (or positively) (Tuljapurkar 1982, 1989), as
demographic rates can compensate (amplify) for one another
within a timestep (Sheth and Angert 2018). Third, the effects
of environmental variance and variance in demographic rates
on A, can be uncoupled through curvilinear environment-de-
mographic rate reaction norms (Bruijning et al. 2020; King and
Hadfield 2019). Following Jensen's inequality (Jensen 1906),
convex (U-shaped) environment-demographic rate reaction
norms can result in a positive effect of environmental variance
on A, through increases in mean demographic rates, whereas
concave (N-shaped) reaction norms lead to a negative effect
through decreases in mean demographic rates (Drake 2005;
Koons et al. 2009). These three key considerations regarding
the impact of stochastic environments on population dynamics
have produced key predictions in life history theory (Saether
et al. 2013; Tuljapurkar, Gaillard, and Coulson 2009), conser-
vation biology (Foley 1994; Higgins, Pickett, and Bond 2000)
and agriculture science (Lande, Sether, and Engen 1997;
Mack 2000). However, these three considerations alone do not
allow us to quantify a population’s ability to accommodate de-
mographic rate variance; demographic buffering does.

Researchers have quantified demographic buffering primar-
ily using two methods: A regression-based approach and sto-
chastic elasticities of variance. The regression-based approach
measures demographic buffering by regressing the determin-
istic—i.e., derived from the arithmetic mean of demographic
rates across the timeseries—elasticities (or sensitivities) of
population growth rate (4,) with respect to demographic
rates against the temporal coefficient of variation (or vari-
ance) of demographic rates (Hilde et al. 2020; Morris and
Doak 2004; Pfister 1998). The foundations for this approach
lie in Tuljapurkar's approximation for stochastic growth rate
(Tuljapurkar 1982, 1989, 1990):

cov(ay,a
[ Z%CVZ + Zeljekl< i ) >]

log(4,) ~ log(4 aan
ij#kl kl

@™

Here, the difference between the logged values of 4, and 4, can
be approximated by the summed products of demographic rate
elasticities (¢;) and coefficients of variation (CVj;) values (the
first term in the hard brackets) and their covariance structure
(the second term in the hard brackets). Therefore, one method
to minimise the impact of environmental stochasticity is
through a negative covariance between e; and CV; values—
which the regression-based approach spe01f1ca11y measures.
The regression-based approach has been broadly implemented
for individual species (reviewed in Hilde et al. 2020) and com-
parative studies (McDonald et al. 2017; Pfister 1998). However,
this approach has two key limitations. First, the covariance
structure of e; and CVj; is not a term within Tuljapurkar’s ap-
proximation relatlng the impact of environmental stochastic-
ity on A,. And second, this method relies on the deterministic
values of demographic rate importance (€;) rather than the im-
portance measure informed by demographic rate stochasticity.

Demographic buffering can also be quantified using the sum-
mation of stochastic elasticities of variance, ZE" (Santos
et al. 2023; Wang et al. 2023). In this, ZE" quant1f1es the
proportional contribution of demographic rate variance on
Ay (Haridas and Tuljapurkar 2005; Tuljapurkar Horvitz, and
Pascarella 2003) In practice, ZE", is always negative. The
reason Y, E" is negative stems from éhe impact of environmen-
tal stochastlclty always reducing 4, relative to 4. Importantly,
Tuljapurkar's approximation can be written in terms of ), E"
(Haridas and Tuljapurkar 2005):

|27 @

This relat10nsh1p between Y. E" and Tuljapurkar's approxima-
tion makes Y, E“ a tractable measure of demographic buffering
for questions of stochastic (Gascoigne et al. 2024; Westerband
and Horvitz 2017) and comparative demography (Morris
et al. 2008). Yet, whilst researchers have previously used ), Eg;
to quantify demographic buffering (Dalgleish, Koons, and
Adler 2010; Morris et al. 2008), we still do not know how differ-
ent environmental components (i.e., temporal autocorrelation
and variance), population structure (i.e., distribution of individ-
uals in a population according to states, such as age, stage and/
or size) and different demographic rates (i.e., state-specific tran-
sition probabilities or reproductive contributions between time ¢
and t + 1) impact ), EZZ This represents a key gap in knowledge
in our understanding of how demographic buffering capacities
may shift in a changing world.

N =

log(4,) ~ log(4,) +

Here, we test the effects of environmental components, popu-
lation structure and demographic rates on the ability of natu-
ral populations to remain demographically buffered. We use
environmentally explicit, parameter-stochastic integral pro-
jection models (IPMs) (Easterling, Ellner, and Dixon 2000;
Ellner, Childs, and Rees 2016) for three perennial plant species
from the PADRINO database (Levin et al. 2022) to test two hy-
potheses. We expect that: (H1) environmental autocorrelation
and variance will have negative effects on ), EZ? Specifically,
as environments become more variable and positively autocor-
related, populations will become less buffered, as predicted by
Tuljapurkar's approximation (Tuljapurkar 1982, 1989, 1990).
(H2) Environmental autocorrelation and variance influence
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> EZ; via different demographic mechanisms. Specifically, we
expect that: (H2a) environmental autocorrelation influences
> Egj via its impact on population structure across timesteps.
We base this prediction on the fact that the impact of environ-
mental autocorrelation on population dynamics can be quan-
tified by the degree to which the sequence of environments
shifts the population from its long-term mean stable state
structure (Tuljapurkar and Haridas 2006). And lastly, we ex-
pect (H2b) environmental variance to influence ), EZ; via the
populations’ underlying demographic rates. This prediction
also follows Tuljapurkar's approximation (1982, 1989), where
the impact of environmental variance can be approximated by
the summed products of demographic rate variances and sen-
sitivity values.

2 | Methods

First, we define the integral projection models (IPMs;
Easterling, Ellner, and Dixon 2000) used in our analyses.
Then, we outline the simulation-based methodology along
with how timeseries of environmental variability (variation in
environmental variables) were used to generate the timeseries
of IPM kernels exhibiting different levels of environmental
stochasticity (variation in demographic rates). And finally,
we detail how demographic buffering (3 Egj) was calculated
along with the methods to infer its underlying demographic
mechanisms.

2.1 | Stochastic Integral Projection Models

To explore the drivers of demographic buffering, we used inte-
gral projection models (IPMs). IPMs are discrete time population
models (i.e., they project populations across well-defined inter-
vals of time from ¢ to ¢ + 1) that are structured with respect to a
continuous variable (Easterling, Ellner, and Dixon 2000; Ellner,
Childs, and Rees 2016). To investigate the environmental com-
ponents and demographic mechanisms that impact degrees of
demographic buffering in natural populations, we used environ-
mentally explicit, parameter-stochastic IPMs for the temperate
deciduous shrub Berberis thunbergii (Merow et al. 2017) and the
tropical herbaceous perennials Calathea crotalifera (Westerband
and Horvitz 2017) and Heliconia tortuosa (Westerband and
Horvitz 2017), extracted from the PADRINO IPM database (Levin
et al. 2022). The chosen model structure allows us to individually
influence regression parameters associated with environmental
variables that underpin the IPM subkernels (i.e., the progression
P- and fertility F-subkernels) to test our hypotheses.

We chose these three published IPMs to compare the roles of
environmental variables and A, on Y, Egj to gain some gener-
ality. The B. thunbergii IPM uses five environmental variables
to build its kernels: Mean temperature during the warmest
month, mean May precipitation, photosynthetically active
radiation (PAR), soil nitrogen and soil pH. The C. crotalifera
and H. tortuosa IPMs use two environmental variables to de-
fine their kernels: Canopy openness and photosynthetic rate.
The kernel structure, environmental variables and vital rate
regressions for B. thunbergii, C. crotalifera and H. tortuosa are

detailed in Tables S1-S3, respectively. Furthermore, the mod-
els inhabit different domains of A,. The models of B. thunbergii
and H. tortuosa have values of A, > 1 (B. thunbergii: 4, = 1.378;
H. tortuosa: A, = 1.367), implying long-term population growth,
whilst C. crotalifera has A; <1 (4, = 0.976), describing long-
term population decline (Figure S1). This combination of
environmental variables and A, values across the three spe-
cies offers a unique opportunity for the exploration of demo-
graphic buffering in variable environments. Specifically, since
C. crotalifera and H. tortuosa have the same environmental
variables and B. thunbergii and H. tortuosa have highly simi-
lar A values, our study allows an exploration of demographic
buffering whilst mitigating the potential confounds of envi-
ronmental variables and A,.

2.2 | Simulation Methodology

To explore the roles of (H1) environmental components as well
as (H2a) population structure and (H2b) demographic rates on
demographic buffering, we simulated IPMs across an environ-
mental autocorrelation—variance parameter space. In this sim-
ulation, all stochastic environmental parameters varied fully
factorially across the axes of autocorrelation, from —0.8 to 0.8,
and proportional variance, ranging from 0.9 (10% less variance)
to 1.1 (10% more variance), relative to the IPM from PADRINO
(Figure 1a,b). We used the species-specific environmental vari-
ables to construct a timeseries of 1000 IPM kernels, for each spe-
cies, from which we then estimated A, (Equation 3). Specifically,
to calculate A (1) a population of random structure was ini-
tialised, (2) the population was then projected through a series
of 1000 IPM kernels and (3) population sizes from timesteps 200
to 1000 were used to calculate A, following the equation:

o)) o

We omitted the first 200 projections from our calculation of
A, to mitigate the impacts of transient dynamics (McDonald
et al. 2016).

2.3 | Generating Environmental Timeseries

To explore how environmental components influence demo-
graphic buffering (H1), we manipulated the temporal auto-
correlation and variance of environmental variables in our
environmentally explicit, parameter-stochastic IPMs. Whilst
the effects of variance in demographic rates on population dy-
namics have been investigated in population ecology (Le Coeur
et al. 2022; Drake 2005; Jackson, Le Coeur, and Jones 2022),
the effects of temporal autocorrelation on population perfor-
mance are much less explored, despite having broad impacts on
population dynamics (Evers, Knight, and Compagnoni 2023;
Petchey 2000; Petchey, Gonzalez, and Wilson 1997; Smallegange,
Deere, and Coulson 2014), life histories (Paniw, Ozgul, and
Salguero-Gémez 2018; Vinton et al. 2023) and evolution (Vinton
et al. 2022; Wieczynski, Turner, and Vasseur 2018). To fill this
gap in knowledge, we used a first-order autoregressive func-
tion to generate the sequence of environment values used to
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FIGURE 1 | Overview of the simulation and analysis structure implemented to examine the impacts of environmental components on natural
populations. In our simulations, we explored how a population's measure of demographic buffering changes over a parameter space of environmental
autocorrelation and variance values. (a) This space is visualised here across a 2D surface with environmental autocorrelation on the x-axis and pro-
portional variance on the y-axis. Environmental variance is noted as proportional variance which is defined as the relative increase (> 1) or decrease
(<1) in the variance of a climate driver made relative to the climate driver's variance value stored in the PADRINO database. The middle of this
landscape (i.e., autocorrelation =0 and proportional variance =1) represents the population model stored in the PADRINO database. (b) Impacts of
environmental autocorrelation and variance on a response variable (e.g., degree of demographic buffering or a measure of population structure) are
shown projected as a third dimension across this landscape. Across this projection, values lower than those reported in the original PADRINO IPM
model are coloured purple, values close to the PADRINO model are coloured white and values greater than the PADRINO model are coloured green.
(c) The most parsimonious model that predicts the response variable as a function of environmental autocorrelation and proportional variance was re-
tained to calculate the summed linear and curvilinear contributions of each predictor and the residuals towards the variance in the response variable.

build multiple timeseries of IPM kernels exhibiting different
levels of autocorrelation in demographic rates. Here, ¢ rep-
resents the degree of autocorrelation across timesteps, whilst
€;41 represents white noise (i.e., random draws from a normal
distribution, € ~ N(0, 1)).

X =0X;+e, )

Subsequently, the sequence of autocorrelated values was
shifted and scaled to a desired mean (u) and variance (o?)
to generate the simulated environmental timeseries (see
Tables S1-S3):

(©)

Environment = [

\/cz [X — mean(X)] +
v var(X)

As our objective is not to evaluate the effect of shifts in mean
environment values on demographic buffering, u values were
kept constant across simulations, whilst 62 values varied across
simulations.

Since the environmental variables across the three species have
different variances, we standardised the increase/decrease in
environmental variance across environmental variables.

Specifically, we manipulated variances proportionally (afm D,

with respect to their variances coded in the PADRINO database
(62, ) (Levin et al. 2022).

2 _ 2 2
6 = O-init.o-prop. (6)

This proportional increase/decrease in environmental variance
subsequently generates a timeseries of IPM kernels exhibiting
different levels of variance in demographic rates.

Generating these environmental timeseries creates a parameter
space of IPM kernel environmental stochasticity with axes of
temporal autocorrelation and proportional variance in demo-
graphic rates. It is worth noting that this parameter space does
not represent a realised scenario. Instead, the purpose of this
parameter space is to manipulate the degrees of environmental
variability across two axes to inform how demographic buffer-
ing responds across these axes (Figure 1b).

2.4 | Analysing the Effects of Environmental
Autocorrelation and Variance

To explore the effects of environmental components on de-
mographic buffering (H1 and H2), we constructed a suite of
linear models using autocorrelation and proportional variance
as predictors. Since the impacts of autocorrelation and propor-
tional variance on demographic buffering may be curvilinear,
we constructed models using the linear, quadratic and cubic
forms of proportional variance and autocorrelation as predic-
tors. Furthermore, since the linear effects of autocorrelation
and proportional variance on Y, E" ,may depend on one another
(Roughgarden 1975; Vinton et al. 2022) we included the prod-
uct of both environmental components (i.e., autocorrelation x
proportional variance) as an interaction term in our model se-
lection. To select the most parsimonious model, we used model
comparison based on AIC (see Supporting Information p. 10
for the full analysis pipeline and Tables S4-S12 for the full
AIC breakdown). From the selected model, we calculated the
proportion of variance in Y, E" that can be explained by the
full model (R?) along with the summed contributions of auto-
correlation, proportional variance, autocorrelation X propor-
tional variance and residuals (Figure 1c). These contributions
were calculated by taking the sums of squares associated with
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each predictor and dividing them by the total sum of squares
associated with the selected model.

2.5 | Perturbation Analyses to Quantify Y, Egz
ij

To quantify the degree of demographic buffering across our
simulations (testing H1 and H2), we calculated the summation
of stochastic elasticities of variance of A, with respect to demo-
graphic rates. We estimated this variable, ) E" numerically.
Whilst the K-kernel of an IPM is defined as a contmuous den-
sity function that projects a continuously structured popula-
tion across discrete timesteps, in practice, we discretise the
kernel into a matrix notated as A (Easterling, Ellner, and
Dixon 2000; Ellner, Childs, and Rees 2016). Since A is com-
posed of the individual matrix elements a; which represent
individual demographic rates (i.e., both the survival-
dependent transitions of individuals from stage j to stage i and
the per-capita reproductive contributions of individuals in
stage j to stage i across timesteps) and our stochastic environ-
ment generates a temporal sequence of A matrices (A,), we
can quantify the temporal variance of each a; element across
A,—i.e., var(a;,). In turn, we numerically calculated Y EZ by
perturbing the temporal variance of each matrix elements
t1meser1es( a;. ,) by 0.00001, proportionate to the unperturbed
temporal variance of a;,. After the perturbation, we calcu-
lated a perturbed stochastic population growth rate associated

a;,

with the perturbed element's timeseries (/l* ) The summa-

T yields Y E‘7

var(a;; e _
35 2|0 i) ©
. X x var(ag, )

tion of these weighted differences in 4, and 1

To calculate the impact of demographic rates on demographic
buffering (H2b), we perturbed the subkernels that describe
survival-dependent changes in size (P), termed progression
herein, and fertility (F) using the same method we used for the
K-kernels. After calculating the subkernel-level elasticities of
variance (Griffith 2017), we subtracted the subkernel summed
elasticities of variance to calculate their relative contributions:
P-F contribution. Positive (negative) values of P-F contribution
indicate that proportional increases in the variance of progres-
sion rates are more (less) impactful on A, than proportional in-
creases in the variance of fertility rates.

2.6 | Quantifying the Impact of Population
Structure on ' E°’

To analyse how population structure influences demographic
buffering (H2a), we used two numerical approaches. Whilst
methods exist to analytically measure the impact of popula-
tion structure on the asymptotic properties of population dy-
namics (Tuljapurkar and Lee 1997), currently there are no
analytical approaches to quantify the degree to which multi-
ple environmental components influence Y, E” via population
structure. In turn, we developed two approaches A deviance-
based approach and a size-based approach. These approaches
numerically  link the impacts of environmental

autocorrelation and variance on ), EZ‘Z to population structure.
Importantly, using these two approaches to investigate H2a
allows us to cross-validate outputs—i.e., the hypothesised re-
sult of environmental autocorrelation impacting Y E" via
shifts in population structure.

The deviance-based approach involved examining deviances
from stationary distributions. To do so, we first quantified the
expected buffering value (3 Egj | ASD) of individuals in the
population. This expected buffering value is the average of the
buffering value associated with each stage (JZ EZj) weighted by

the proportion of individuals in that stage, relative to the pop-
ulation's average size distribution (ASD). To determine the
population’s average size distribution for a given environment,
we iterated 1000 randomly generated size distributions
through the series of stochastic kernels and retained the mean
of all size distributions across timesteps 200 to 1000.
Burning-in the first 200 timesteps mitigates the impact of
transients on the ASD (McDonald et al. 2016). After calculat-
ing the values of ) Egj | ASD across the parameter space of

environmental autocorrelation and variance, we quantified
the degree to which variance in expected buffering values de-
viated from the variances in Y E" —ie. .Y E" |ASD - ¥ E"

To quantlfy this deviation, we calculated the difference be-
tween Y EZ | ASD and Y EZ where both Y EZ | ASD and
ij ij ij

Y E,
)
Deviances of ZE;Z | ASD — ZEZZ from 0 (i.e.,
ij ij
where Y, EZZ |ASD # Y Egz across the environmental auto-
ij ij

were scaled (mean=0, standard deviation=1).

scenarios

correlation—variance parameter space) indicate that shifts in
population structure may influence ) EZZ Subsequently, re-
ij

gressing these deviances against the environmental compo-

nents allows us to implicate an environmental component,

hypothesised to be environmental autocorrelation (H2a), as
P . . 2

driving the impact of population structure on )’ Egj

The size-based approach involved calculating the mean of the
distribution of demographic buffering across a life history,
termed mean buffered size. Calculating mean buffered size al-
lows us to explore if the degree of buffering across a life his-
tory is shifted towards smaller or larger sizes across the
environmental autocorrelation—variance parameter space.
To calculate this mean buffered size, we calculated the rela-
tive size (i.e., 0 =smallest possible size (a) and 1 =maximum
possible size (w)) that corresponds to the centre of the distribu-
tion of ), EZZ across the domain of sizes (Equation 8). This cal-
culation mirrors the method of calculating generation time as
the mean age of reproductive individuals in a population

(Ebert 1999, 14).
z(ize)
j i

Mean buffered size = i —_— -« 8)

o2
2 Eaij

Aftercalculating the mean buffered size for each simulated pop-
ulation across the environmental autocorrelation—variance
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parameter space, we regressed mean buffered size against the
environmental components to test our hypothesis that envi-
ronmental autocorrelation influences Y, E" via shifts in pop-
ulation structure (H2a).

3 | Results

3.1 | Testing H1: Environmental Variance Is
the Primary Driver of Demographic Buffering

Here, we tested the hypothesis that environmental autocorrela-

tion and variance have negative effects on demographic buffering

as quantified via Y EZZ (H1). To do so, we ran simulations of the
ij

Berberis thunbergii, Calathea crotalifera and Heliconia tortuosa
IPMs across a domain of autocorrelation and proportional vari-
ance values and calculated ), E" We found environmental vari-
ance to be the primary driver of varlance in) E" “(Figure 2). The

summed contributions of proportlonal varlance accounted for
949% of the variance of 3, E" inB. thunbergu (R?=0.99, Figure 2a,

Table S4), 85% of the variance of Y E" in C. crotallfera (R?=0.89,

Figure 2b, Table S5) and 83% of the variance of Y E‘7 in H. tortu-

osa (R?>=0.89, Figure 2c, Table S6). Supporting our hypothe51s,

environmental variance had a negative effect on Y, EZZ (see mod-
ij

els for B. thunbergii, C. crotalifera and H. tortuosa in Tables S4—

S6). However, we did not find evidence for a simple negative effect

of environmental autocorrelation on Y, EZZ All species were best
ij

modelled when the linear, quadratic and cubic forms of autocor-
relation were used as predictors of Y. EZZ These findings indicate
ij
the impact of autocorrelation on }, EZ2 is curvilinear across the
)

environmental autocorrelation—variance parameter space.

3.2 | Testing H2a: Temporal Autocorrelation
Influences Demographic Buffering via Population
Structure

We used two approaches to test the hypothesis that temporal au-
tocorrelation influences demographic buffering via shifts in
population structure (H2a). First, we used a deviance-based ap-
proach which used the differences between demographic buffer-
ing weighted by population structure (3 Egj | ASD) and ). Egj
Second, we used a size-based approach which quantified shifts
in the distribution of buffering across the life history.

In our deviance-based approach, we subtracted scaled values
of ¥ Egj across all simulations against their respective Y, Egj

normalised by simulation specific average size distributions
< Egz | ASD). Since both values are scaled to mean =0 with
ij
standard deviation =1, any deviation of ) EZZ | ASD - EZZ
ij g
from 0 indicates that temporal shifts in population structure
may impact demographic buffering. Interestingly, we found
heterogeneity in the degree to which ) Egz | ASD differed
ij
from Egz across species. Specifically, we found a hierarchy
ij
of variance in ), EZZ | ASD - ¥ EZZ values where B. thunbergii
ij ij
has the most variance (SD =0.0477, Figure 3a), H. tortuosa has
moderate variance (SD =0.0215, Figure 3g) and C. crotalifera
has the least variance (SD =0.00536, Figure 3d). This hetero-
geneity suggests that population structure may influence
> Egz in B. thunbergii and H. tortuosa to a greater degree than
ij

C. crotalifera.

To determine if environmental autocorrelation is driving
these variances, we modelled Egz |ASD - ¥ Egz values in
ij g
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FIGURE 2 | Environmental variance is the primary driver of demographic buffering. Across Berberis thunbergii (a), Calathea crotalifera (b) and
Heliconia tortuosa (c), environmental variance (blue in pie-chart) explains the majority of variance in Y, E" Populations of all three species become

relatively less buffered (lower values of Z E" in purple) as proportional variance in the environment 1ncreases whilst populations become relatively

more buffered (higher values of 3} E7 , in green) as environmental variance decreases. This strong impact of proportional variance is summarised in
the pie charts detailing the proportlon of variance in )} E" that can be explained by the environmental components: Environmental autocorrelation
in orange, environmental variance in blue, environmental autocorrelation x variance interaction in grey (so small here that it is not visible) and un-
explained residuals in white. Since the pie charts are predominantly blue across all three species, proportional variance is the primary driver of 3, Egj

across the environmental autocorrelation—variance parameter space.
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stage distribution (3 E” | ASD) across the environmental autocorrelation—variance parameter space. These differences from 0 show the potential
impact of population structure on Y, E" We then, in the second column (b, e, h), investigate these differences as a function of environmental auto-
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drives shifts in ) EZ; through population structure.

response to environmental autocorrelation and variance.
Supporting our hypothesis (H2a), we found the variance in
Y E" | ASD —
mental autocorrelation (Figure 3b,e,h). In B. thunbergii and H.
tortuosa, environmental autocorrelation accounted for 48%
(R?=0.56, Figure 3b, Table S7) and 81% (R?>=0.84, Figure 3h,
Table S9) of the variance in ) Egj |ASD - Y EZj values, re-
spectively; whilst environmental variance only accounted for
2% of the variance in both species. Regarding C. crotalifera,
the largest contributor to variance in ), Egz |ASD - ¥ Egz val-

D E‘;z values is mostly explained by environ-
i

ues was unexplained residual variance (56%, R?=0.47,
Figure 3e, Table S8), followed by environmental autocorrelation
(28%) and variance (16%).

In our size-based approach, we analysed the impact of environ-
mental autocorrelation and variance on the distribution of de-
mographic buffering across a life cycle. In turn, we calculated
the centre of the distribution of demographic buffering across
a life history: Mean buffered size. Echoing the findings from
the first line of enquiry, mean buffered size was best explained
by changes in environmental autocorrelation—especially in
B. thunbergii and H. tortuosa. Specifically, 74% and 91% of the
variance in mean buffered size was attributed to environmental
autocorrelation in B. thunbergii (R*=0.91, Figure 3c, Table S10)
and H. tortuosa (R>=0.97, Figure 3i, Table S12), respectively;
whilst environmental variance only accounted for 17% and 0.1%
of the variance in mean buffered size, respectively. However,
just as in the first line of enquiry, Y, EZ; in C. crotalifera is less
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exposed to impacts of shifts in population structure as the dis-
tribution of mean buffered size across the environmental au-
tocorrelation—variance parameter space was mostly explained
by residual variance (78%) rather than environmental auto-
correlation (17%) or environmental variance (5%) (R*=0.26,
Figure 3f, Table S11).

3.3 | Testing H2b: Demographic Buffering Is Most
Sensitive to Environmental Variance's Impact on
Rates of Progression and Fertility

To test the hypothesis that environmental variance impacts de-

mographic buffering through vital rates (H2b), we ran the same

perturbation analysis used to calculate ) Egz at the level of the
ij

subkernels: P-subkernel (progression) and the F-subkernel (fer-
tility). By taking the difference of the subkernel elasticities of
variance (i.e., P-F contribution), we investigated (1) the role of
underlying rates of progression and fertility on demographic
buffering and (2) the environmental components that influence
the P-F contribution across the environmental autocorrela-
tion—variance parameter space.

First, we determined if P-F contribution is a sufficient predictor
of ), EZZ P-F contribution was highly predictive of ) EZZ across
ij i
all species (Figure 4a). B. thunbergii had a negative relationship
between P-F contribution and Egz (r(223)=-0.968, p<0.001),

ij

whilst C. crotalifera and H. tortuosa had positive relationships
(C. crotalifera:  r(223)=0.999, p<0.001; H. tortuosa:
r(223)=0.983, p <0.001). These results indicate lower degrees of
demographic buffering are associated with a greater impact of
variance in rates of progression (vs. fertility) in B. thunbergii but
the opposite, a greater impact of variance in fertility (vs. progres-
sion), in C. crotalifera and H. tortuosa.

To test if variance in P-F contribution is most explained by

environmental variance rather than autocorrelation (H2b),
we regressed P-F contribution against the environmental

(&)

H. fortuosa /

0w @

components. Across the three species, P-F contribution was
mostly explained by environmental variance rather than envi-
ronmental autocorrelation (Figure 4b-d). Specifically, environ-
mental variance explained 80%, 85% and 86% of the variance
of P-F contribution in B. thunbergii (R*=0.99, Figure 4b,
Table S13), C. crotalifera (R*=0.89, Figure 4c, Table S14) and H.
tortuosa (R?>=0.89, Figure 4d, Table S15), respectively. However,
environmental autocorrelation explained 18%, 4% and 3% of the
variance of P-F contribution, respectively.

4 | Discussion

Environmental drivers and demographic mechanisms are key to
quantify and predict a population's capacity for demographic
buffering. Using three stochastic IPMs from the PADRINO da-
tabase (Levin et al. 2022), we obtain partial support for the hy-
pothesis that environmental autocorrelation and variance
negatively impact a population's capacity to remain demograph-
ically buffered (H1). Interestingly, whilst environmental vari-
ance negatively affects demographic buffering, there is a
curvilinear effect of temporal autocorrelation on demographic
buffering. Furthermore, we show that environmental autocor-
relation and variance impact demographic buffering through
different mechanisms. Temporal autocorrelation impacts demo-
graphic buffering (3. Eglz/) through shifts in population structure

(H2a), whilst environmental variance impacts Y, EZZ via under-
ij

lying demographic rates (H2b). Specifically, the influence of en-
vironmental variance on rates of progression vs. fertility is the

. . . 2 . .
greatest driver of differences in )} EJ across variable environ-
y

ments in the three examined species. This finding builds on
multiple lines of evidence showing how different life histories
can persist in variable environments via the differential vari-
ance of progression vs. fertility rates (Gaillard, Festa-Bianchet,
and Yoccoz 1998; Pfister 1998).

Identifying the mechanisms that underpin the ability of natu-
ral populations to buffer against environmental stochasticity
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offers a powerful framework to explore a population’s vulner-
ability to climate change. Current climatic forecasts predict
changes in environmental variability due to global climate
change (Lewis and King 2017; Masson-Delmotte et al. 2021;
Shen et al. 2011). For example, periods of extreme variation in
temperature and precipitation are expected to increase in the
tropics and sub-tropics which host the highest biodiversity (tem-
perature: Bathiany et al. 2018; precipitation: Trenberth 2011).
Furthermore, extreme weather events are expected to become
more common, leading to increased autocorrelation (e.g., trop-
ical cyclones: Knutson et al. 2010; fire frequency: Halofsky,
Peterson, and Harvey 2020). However, environmental com-
ponents impact populations in different ways (Hoffmann and
Bridle 2022; Vinton et al. 2022, 2023). Part of this heterogeneity
arises due to the shape of demographic rates across a life his-
tory varying widely across the tree of life (Healy et al. 2019;
Jones et al. 2014; Paniw, Ozgul, and Salguero-Gomez 2018;
Salguero-Goémez, Jones, Jongejans, et al. 2016; Varas-Enriquez,
van Daalen, and Caswell 2022). Further heterogeneity arises via
the variety of environment-demographic rate reaction norms
expressed across taxa (Murren et al. 2014). Our framework pro-
vides a promising avenue to incorporate this heterogeneity for
informed analyses of how environmental stochasticity impacts a
population's demographic buffering capacity (Gascoigne, Kajin,
and Salguero-Gomez 2023). Whilst this study has primarily fo-
cused on environmental stochasticity rather than the impacts of
curvilinear environment-demographic rate reaction norms, our
framework can be readily scaled for the inclusion of reaction
norms (see Le Coeur et al. 2022).

Our results highlight an interesting, but often overlooked, role
of population structure in demographic buffering. Whilst we
find environmental autocorrelation to primarily impact demo-
graphic buffering via shifts in population structure, there is
also species-level heterogeneity in the strength and direction by
which environmental autocorrelation shifts population struc-
ture. One likely source of this heterogeneity is transient dy-
namics (i.e., short-term, progressively weakening realisations of
non-asymptotic A values resulting from a population not being at
its stable-stage distribution (Stott, Townley, and Hodgson 2011)).
Whilst transient dynamics represent a suite of different stereo-
typed population dynamics (Capdevila et al. 2020, 2022), only
reactivity (the degree to which a population not at its stable-
stage distribution increases/decreases relative to that same
population projected from its stable-stage distribution (Neubert
and Caswell 1997)) has been linked to stochastic demography
(McDonald et al. 2016; but see Tuljapurkar et al. 2023). However,
the link between reactivity, along with other transient dynam-
ics, and demographic buffering remains unknown. Future work
analysing how transient dynamics influence levels of demo-
graphic buffering will finally integrate the analysis of transient
dynamics with stochastic demography.

In addition to transient dynamics, future studies should ex-
amine the effects of demographic stochasticity as a potential
mechanism underlying demographic buffering. Demographic
stochasticity is defined as the variance in population-level out-
comes arising due to probabilistic realisations of demographic
rates within individuals (Engen, Bakke, and Islam 1998;
Melbourne and Hastings 2008). Importantly, the contribution
of demographic stochasticity to long-term population dynamics

increases as population size decreases (Engen, Bakke, and
Islam 1998). However, the opposite is true for environmental
stochasticity. The role of environmental stochasticity, relative
to demographic stochasticity, increases as population size in-
creases (Engen, Bakke, and Islam 1998). Therefore, whilst our
framework demonstrates how environmental autocorrelation
and variance impact demographic buffering through popula-
tion structure and demographic rates, respectively, these rela-
tionships likely weaken and possibly change as the population
size declines. Consequently, linking demographic buffering to
demographic stochasticity remains a timely avenue of future re-
search. We argue that this approach will be particularly import-
ant for endangered populations where the population size is, by
definition, small.

Our framework offers a valuable tool for the study of life histo-
ries in stochastic environments. Historically, studies of life his-
tories in stochastic environments have followed two branches:
Modelling and dimension reduction. Modelling life histories in
stochastic environments, whereby analytic or numeric meth-
ods are used for demographic inference in individual popula-
tions, has progressively put to rest some key problems within
life history theory (iteroparity: Orzack and Tuljapurkar 1989,
Tuljapurkar, Gaillard, and Coulson 2009; diapause: Tuljapurkar
and Istock 1993; migration: Wiener and Tuljapurkar 1994; bien-
nialism: Klinkhammer and de Jong 1983, Roerdink 1988, 1989;
homeostasis: Orzack 1985; lability: Koons et al. 2009, Jongejans
et al. 2010, Barraquand and Yoccoz 2013). However, one of the
limitations of a modelling approach is losing the realism cap-
tured within the constraints, phylogenetic history and selection
gradients that drive variance patterns in demographic rates.

From the empirical side, researchers have used dimension re-
duction techniques to unmask the patterns life histories exhibit
in variable environments. Dimension reduction techniques,
such as phylogenetically controlled principal component anal-
yses (Revell 2012), are especially useful as a life history is not a
value nor an object; a life history strategy is an abstract concept
that researchers probe with life history traits—such as longev-
ity, age at sexual maturity, average body size, etc. To capture
the signal of an individual life history strategy through the di-
mensionality, reducing the multidimensionality of life history
metrics to their most important axes of variance (i.e., principal
components) has led to key discoveries (two axes of life history
variance (Salguero-Gomez, Jones, Jongejans, et al. 2016; Healy
et al. 2019)). Furthermore, this approach has been used to
model life histories in stochastic environments (Paniw, Ozgul,
and Salguero-Gomez 2018; Rademaker, van Leeuwen, and
Smallegange 2024; Romeijn and Smallegange 2022). However,
this approach has been limited to modelling only one compo-
nent of a variable environment (e.g., environmental autocor-
relation or variance). This limitation is further emphasised by
our results showing curvilinear relationships in the effects of
environmental components on Y, Egj thereby illustrating that
the impact of an environmental component on a demographic
process is context-dependent.

Using our framework, researchers can stitch the modelling and
dimension reduction approaches together. Our framework can
be applied to any environmentally explicit structured popula-
tion model: from physiologically structured population models
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(de Roos 1997) to matrix population models (Caswell 2001) to
integral projection models (Easterling, Ellner, and Dixon 2000;
Ellner, Childs, and Rees 2016), to dynamic energy budget mod-
els (Nisbet et al. 2000; Smallegange et al. 2017). By using open-
access data (COMPADRE: Salguero-Gémez et al. 2015;
COMADRE: Salguero-Gomez, Jones, Archer, et al. 2016;
PADRINO: Levin et al. 2022; AmP: Marques et al. 2018), re-
searchers can explore the combined impact of autocorrelation
and variance on Y, EZ.Z, by interfacing the timeseries of a struc-

tured population model with stochastic matrices (Paniw, Ozgul,
and Salguero-Gémez 2018). Once the landscape of ZEZ? is
mapped across environmental autocorrelation and variance, Jthe
relative contributions of constraints, phylogeny and species-
specific effects on ZEZj will be realised. This combined

approach of modelling' and dimension reduction offers
generalisation in a previously exception driven area of life
history theory.
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