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Abstract

Environmental variability has broad impacts on the population dynamics of species across
the tree of life. Importantly, global climate change is projected to increase environmental
variability in regions hosting the highest biodiversity. Therefore, understanding the life
history strategies by which populations can evolve to accommodate the often negative
effects of environmental variability is critical to understand how global climate change
may impact populations across taxa. In this dissertation, I explore one strategy by which
populations can accommodate the impacts of environmental variability – i.e., demographic
buffering. Specifically, I: (1) identify criteria for determining a buffering mechanism in
ecological modelling, (2) demonstrate the utility of “new” perturbation approaches [i.e.,
the summation of stochastic elasticities of variance

(∑
Eσ2

ai j

)
and self-second derivatives]

when identifying demographic buffering, (3) analyse how environmental autocorrelation
and variance impact demographic buffering (as measured by

∑
Eσ2

ai j
) and the demographic

mechanisms that underly these effects, (4) test for efficacy across four measures of
demographic buffering [i.e., one correlational method (ρ), two methods using terms from
Tuljapurkar’s approximation (Vs and Vs + Vc) and

∑
Eσ2

ai j
] and (5) broadly review modern

perspectives and suggest new directions regarding where future life history research may
lead. Overall, I suggest that

∑
Eσ2

ai j
is an effective measure of demographic buffering,

and that environmental autocorrelation and variance influence
∑

Eσ2

ai j
through population

structure and demographic rate variance, respectively. Furthermore, I outline multiple
avenues for future research to better understand how life histories evolve in variable
environments.
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Contents
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1.1 Life histories: What are they and how do we study
them?

The subject of life history theory is the history of the life of organisms. A life history is

the sequence and timings of events in an individual’s lifespan, governed by underlying

demographic rates, that contribute to both individual fitness and broader population

dynamics (Roff, 2002; Stearns, 1992). These events, from hereon called life history

traits, are highly varied across the tree of life. For example, consider three species

with highly dissimlar life histories: the orchid (Orchis purperea), the arctic tern (Sterna

paradisaea) and the tardigrade (phylum Tardigrada). Starting with age at sexual maturity,

1
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the orchid takes 5-10 years to sexually mature (Rose, 1948), whilst the arctic tern and

tardigrade take 4 years (Møller, 2006) and 28.2 days [at 20°C; Bingemer et al. (2016)],

respectively. Regarding life expectancy, an established orchid is expected to survive over

60 years (Jacquemyn et al., 2010; Shefferson et al., 2020), the arctic tern 11-19 years

(Petersen et al., 2020) and the tardigrade between two weeks and 200 days across its

genera (Nagwani et al., 2022). This variance would continue for other life history traits

(e.g., generation time, net reproductive rate and degree of iteroparity) and the inclusion of

other species across the tree of life. However, within this variance, patterns emerge.

Much of the canonical life history literature centers around patterns in life

histories across and within species. From first principles, resources (e.g., food, territory,

mating availability) govern the parameter space of possible life histories (Stearns, 1989).

Simply put, a realized life history is the product of two acts: resource acquisition and

resource allocation (Van Noordwijk & De Jong, 1986). Organisms never have the luxury

of infinite resources1 and must invest their resources discretionarily amongst fitness

components. These two facts constrain life histories and lead to intra-specific and inter-

specific patterns of broad interest to evolutionary biologists and population ecologists. For

example, life history trade-offs (i.e., negative covariances amongst life history traits) are

commonly found in species across biomes and trophic levels2. Well established examples

of life history trade-offs include early vs. late-life reproduction (Green & Rothstein, 1991;

Lemaître et al., 2015; Nussey et al., 2008), secondary sexual traits vs. immune response

(Iglesias-Carrasco et al., 2016; Kilpimaa et al., 2004; Peters et al., 2004; Schroderus et al.,

2010) and growth vs. defense (He et al., 2022; Karasov et al., 2017; McPeek, 2004).

In addition, plastic responses in life history traits are often predictable across species

- e.g., poor environments during development leading to a later age at sexual maturity

(Altmann & Alberts, 2005; Andrews, 1976; Rootes et al., 1991; Stearns, 1992). And

finally, examined life histories across animals and plants vary across two main axes of

variance – i.e., the fast-slow continuum and reproductive schedule (Healy et al., 2019;

1Even an evergreen in a 24-hour lighthouse is limited by its lifespan and the underlying biochemistry
that governs its photosynthetic rate.

2However, trade-offs are not always found (Chang et al., 2024; De Jong & Van Noordwijk, 1992;
Metcalf, 2016; Van Noordwijk & De Jong, 1986).
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Salguero-Gómez et al., 2016b)3. These insights are made possible as all life history traits,

from Escherichia coli to the giant sequoia (Sequoiadendron giganteum), can be calculated

using one toolbox – demographic methods.

The relationship between life histories and demography is an intimate one. To

study life histories, demographic methods (i.e., mathematical tools that use demographic

rates for population and organism-level inferences) offer a robust solution. For example,

let us imagine a discrete age-structured population where all individuals are assigned an

age noted as x. The survivorship of this population (i.e., the proportion of individuals

that survive from age 0 to age x) can be expressed by the vector lx, and the per-capita

reproductive rate of individuals of a given age x can be expressed as the vector mx. Using

these two vectors, almost all of the fitness-related events (e.g., net reproductive output)

and timings (e.g., age at sexual maturity) in an individual’s lifespan can be calculated.

Nevertheless, the link between life histories and demography goes beyond mathematical

convenience.

Just as resources constrain life histories, so do their demographic rates. One

example of this mathematical constraint is the Euler-Lotka equation (Eq. 1.1).

1 =
ω∑

x=1

λ
−x lx mx (1.1)

The Euler-Lotka equation is a characteristic equation constraining all possible age-based

life histories by three inputs: survivorship (lx), per-capita reproduction (mx) and the

asymptotic population growth rate (λ). Just as no organism has the luxury of accessing

infinite resources, a population cannot have an mx vector of all zeroes and a λ of 1; this

combination of demographic rates is outside the parameter-space of possible age-based

life histories.

To summarize, demographic methods are one of the primary tools for the

quantification of life history traits and the study of life history evolution. Whilst some

life history research uses non-demographic methods (see Chapter 6 for more details), this

3Also, this can be applied within species (Van De Walle et al., 2023).
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dissertation will focus on the outputs and implications of demographic methods due to

the generality of these tools and the generality of the research conducted herein.

1.2 Life histories in variable environments

The important events and their timings along an individual’s lifespan are not static within

a population. Instead, life histories vary across (Salguero-Gómez et al., 2016b; Healy

et al., 2019) and within populations (Van De Walle et al., 2023) for a variety of reasons.

Some of the reasons individual life histories may vary include spatial variance [e.g.,

habitat (Benard & McCauley, 2008), resource availability (Grether et al., 2001; Komonen

et al., 2004; Wilbur et al., 1974) and impacts of range expansion (Burton et al., 2010; Van

Petegem et al., 2016; Urquhart-Cronish et al., 2024)]. Life histories may also differ due

to chance4. However, this dissertation will focus on temporal variance – i.e., the impacts

of different environments across timesteps on population persistence.

Temporal variance, also known as environmental stochasticity within stochastic

demography (Engen et al., 1998; Vinton et al., 2022), has broad impacts on life histories

and population dynamics. To accommodate the often-negative impacts of environmental

stochasticity, species have evolved various strategies in order to persist. For example,

increased environmental stochasticity can lead to increased rates of dispersal (Jaggi

et al., 2023) and dormancy (Gerber & Kokko, 2018; Gremer et al., 2012; Travis et al.,

2021) despite both strategies incurring harsh costs to mortality and generation time,

respectively5. Furthermore, changes in the degree of environmental stochasticity have

further implications for phenotypic plasticity. If the temporal series is too unpredictable,

populations may evolve a bet-hedging life history strategy (Bruijning et al., 2020;

Grafen, 1999)6. Yet, if the temporal series is predictable, populations may evolve

plastic mechanisms to track the environment with their fitness related traits (Orzack,

4For more on this, see recent work by Robin Snyder and Stephen Ellner parsing out the contribution
from luck toward life history outcomes (Snyder & Ellner, 2018, 2022) and a recent synthesis in Hernández
et al. (2024).

5This is elaborated on in Appendix B – see the phase diagram of life histories in variable environments.
6A bet-hedging life history strategy is defined by a collection of fitness traits that increases an individual’s

geometric mean fitness at the cost of an individual’s arithmetic mean fitness (Bruijning et al., 2020; Grafen,
1999; Starrfelt & Kokko, 2012; Philippi & Seger, 1989).



1. General introduction 5

1985; Vinton et al., 2022). In turn, there is a multitude of strategies to deal with

environmental stochasticity, and the efficacy of each strategy is very much dependent on

the timescale (Dupont et al., 2023; Orzack, 1985; Vinton et al., 2023), environmental

driver (Vinton et al., 2022) and the observed reaction norm between the environment

and fitness related traits (Acasuso-Rivero et al., 2019; Barraquand & Yoccoz, 2013;

Bruijning et al., 2020). Nevertheless, environmental stochasticity’s negative effect on

population persistence is agnostic of time or taxa. Despite the potential for local positive

effects on environmental stochasticity due to Jensen’s inequality (Jensen, 1906), increased

environmental stochasticity inevitably leads populations toward extinction (May, 1973).

Moreover, the rationale for this negative effect is not linked to the multitude of strategies

by which populations can persist, but instead due to the mathematics of geometric growth.

The impact of environmental stochasticity on population growth can be easily

demonstrated by simulation. In Figure 1.1, populations with three different arithmetic

mean population growth rates (λ1) are projected into the future with differing levels of

environmental stochasticity. By simulating populations across 500 timesteps, Figure 1.1

shows that (1) environmental stochasticity has a negative effect on population growth

rate and (2) λ1 does not accurately predict the growth of populations in a stochastic

environment – the geometric mean population growth [also known as the stochastic

population growth rate (λs)] does.
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Figure 1.1: An illustration of how temporal variance perturbs population growth.
Here, populations have arithmetic mean population growth rates (λ1) of 0.999, 1 or 1.001
and are projected across 500 timesteps with varying degrees of environmental stochasticity
(∆λt). Across these simulations, ∆λt corresponds to the two population growth rates used
to simulation the population across timesteps. For example, if λ1 = 1 and ∆λt = 0, the
population is continuously projected through a growth rate of 1 across all timesteps. However,
if λ1 = 1 and ∆λt = 0.2, the population is alternatively projected through growth rates of 0.9
and 1.1 across the simulation (i.e., λt = 0.9, λt+1 = 1.1, λt+2 = 0.9, λt+3 = 1.1, et cetera).

The reason environmental stochasticity negatively impacts population growth rate

is two-fold. First, the geometric mean (not the arithmetic mean) is necessary to calculate

the expected growth rate of geometric systems. And second, variance perturbs growth

in geometric systems (e.g., discrete-time population models). Formally, the geometric

mean is always less than or equal to arithmetic mean (known as the geometric mean –

arithmetic mean inequality). And furthermore, the degree to which the geometric mean is

less than the arithmetic mean can be approximated by the temporal variance of the system

in question (e.g., population growth rate),

G ≈ exp
[
ln(X̄ −

σ2

2X̄2
)
]

(1.2)

Here, the geometric mean (G) is approximated by taking the arithmetic mean (X̄) and

subtracting the impact of temporal variance (σ2) dependent on the arithmetic mean (Jean

& Helms, 1983). Specifically, for large values of X̄ the impact of variance is minimized,

whereas for low values of X̄ the impact of variance is increased. Moreover, it is this
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penalization for temporal variance that bridges the gap between the simulation in Figure

1.1 and life histories in variable environments.

When discussing the growth of any geometric system, temporal variance reduces

the expected growth of the system relative to the arithmetic mean7. Moreover, for

populations that are critically endangered, this negative effect is especially pronounced.

In life history theory, there is a vast literature discussing how populations can reduce

this impact of environmental stochasticity on population growth (Bjørkvoll et al., 2012;

Colchero et al., 2019; Gamelon et al., 2021; Hansen et al., 2019; Jelbert et al., 2019;

Jenouvrier et al., 2022; McDonald et al., 2017; Sæther, 1997; Sæther et al., 2013;

Tuljapurkar et al., 2009a; Vinton et al., 2023; Van De Walle et al., 2023). Furthermore,

within population ecology, the ability of a population to accommodate the impact of

environmental stochasticity on population growth is likened to the ability of some

solutions to buffer the application of acids or bases and maintain their pH (Gascoigne et al.,

2023a). Both scenarios involve the introduction of a disturbance (i.e., environmental

stochasticity, acidic/basic solution) and the stabilization of a metric of interest (i.e.,

population growth rate, pH). In turn, the ability of a population to accommodate the

impacts of environmental stochasticity is called demographic buffering – which is the

focus of this dissertation.

1.3 Demographic buffering: From May to Pfister to the
present

Researching the ability of a population to accommodate the negative impacts of environ-

mental stochasticity on population growth (i.e., demographic buffering) has been at the

forefront of population ecology for decades. A series of developments detailed below,

from Robert May to Catherine Pfister to present day research, lays the foundation for most

current research in stochastic demography – and this dissertation in particular. In turn, this

7This impact is generalizable across geometric systems. For example, the study of financial markets (a
geometric system of common interest) has led to a large literature on how best to deal with the impacts
of temporal variation on investment decisions and portfolio structure (Korn, 1997; Lamberton & Lapeyre,
2011; Shreve, 2005).
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section will briefly outline the major contributions in this field relating to demographic

buffering – setting the scene for the work performed in this dissertation.

1.3.1 Robert May and unstructured systems

Variance perturbs geometric systems. As mentioned in the previous section, the growth

rates of populations are perturbed proportional to the variance in population growth

rates over time. However, a reduced population growth rate does not inherently lead to

extinction. For example, if the stochastic population growth rate (λs – i.e., the expected

asymptotic growth of a population in variable environments) is greater than or equal to

1, the population will persist despite the impacts of variance in population growth rate.

In turn, the existence of environmental stochasticity alone does not inherently implicate

a population is destined to go extinct. However, the role environmental stochasticity

in pushing populations toward extinction has been well defined, thanks to the work of

Robert May.

One of the foundations of demographic buffering is a population’s extinction

threshold in relation to stochastic environments. In 1973, Robert May identified this limit

in the context of density dependent populations8 [Eq. 1.3, May (1973)].

n̂ = k0

[
1 −

σ2

2k0

]
(1.3)

Here, the expected number of individuals in a population (n̂) can be calculated by taking

the mean carrying capacity of the population (k0) and subtracting the impact of temporal

variance in carrying capacity (σ2) dependent on k0. Consequently, this equation defines

an extinction threshold for populations in variable environments. Specifically, populations

can persist as long as their carrying capacity is greater than half its temporal variance

(i.e., k0 >
σ2

2 )9. The importance of May’s equation is in how it constrains life histories

in variable environments. Just as resources (allocation vs. acquisition) and demographic

rates (the Euler-Lotka equation, Eq. 1.1) constrain life histories, so does their temporal

8Note this work was primarily focused on communities and complexity which is still an open question
in community ecology – see recent work in De Roos (2021).

9This can also be rewritten as an extinction threshold arising when the coefficient of variance in carrying
capacity k0 is greater than or equal to 2.
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variance. However, there is a missing link between May’s equation and life histories –

which comes in the form of population structure.

In population ecology, structure refers to any form of heterogeneity that is deemed

useful for formulating predictions. For example, population structure in some mammals

implies differentiating individuals within the population by age and sex (e.g., Childs

et al., 2016; Jensen, 2000). Structure in some insects and reptiles requires differentiating

individuals by stage and morph type (e.g., Chi and Liu, 1985; Crouse et al., 1987). And,

structure in some plants leads to differentiating individuals by size (e.g., Merow et al.,

2017; Rees and Ellner, 2009; Westerband and Horvitz, 2017). Whilst the traits may vary

across species, incorporating structure allows for age/stage/size informed predictions.

For example, structure is necessary to quantify life history traits such as: generation

time, age at sexual maturity, reproductive dispersion, et cetera10. Therefore, structured

population models are necessary for inquiries about life histories in variable environments.

Unfortunately, this is where May’s equation falls short. Equation 1.3 is an example of

an unstructured population model as individuals are not differentiated by any trait. In

other words, all individuals in a population are influenced by k0 and σ2 equally. In turn,

new theory was required to link the negative impacts of environmental stochasticity to

population dynamics in structured systems.

1.3.2 Filling the gap between unstructured and structured systems

After May’s work in 1973, two new developments were required to link environmental

stochasticity to structured populations. First, demographers needed to measure the

importance associated with individual demographic rates (i.e., the rates of survival,

growth or reproduction associated with an individual age/stage/size). And second, the

field needed to quantify how environmental stochasticity affects structured populations

based on this measure of importance. These requirements were met, thanks to the

development of matrix methods in demography.

10Thankfully, the methods to quantify life history traits informed by time (e.g., generation time, age at
sexual maturity) for stage or size structured population models are readily available due to age from stage
decomposition methods (see Cochran and Ellner, 1992).
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Matrix methods allow for the construction of structured population models called

matrix population models (MPMs hereafter, Caswell, 2001). MPMs are square matrices11

that project structured populations across discrete timesteps (i.e., t → t + 1). The size and

structure of populations at time t (nt) and t+1 (nt+1) is dependent on the demographic rates

that make up the individual terms of the MPM (A)12. The demographic rates contained

within the MPM are noted as ai j quantifying the per-capita contributions of individuals in

stage j (the jth column in matrix A) to stage i (the ith row in matrix A) across timesteps.

Within MPMs, there are two main types: Leslie matrices and Lefkovitch matrices. A

Leslie matrix is an MPM structured by age (Leslie, 1945), whilst the Lefkovitch matrix

is structured by stage or size (Lefkovitch, 1965). In connection with May’s work, both

the Leslie and Lefkovitch matrices were being regularly applied to model structured

populations across taxa – for good reason.

One of the primary reasons for the early application of MPMs is the ability to

analytically derive key metrics for the population of interest. For example, some key

metrics include:

1. The population growth rate (λ, the dominant eigenvalue of A).

2. The stable age/stage/size distribution which represents the asymptotic proportion

of individuals across stages (w, the right eigenvector associated with the dominant

eigenvalue of A).

3. The reproductive value which represents the asymptotic contribution of a stage

toward the generation of new offspring (v, the left eigenvector associated with the

dominant eigenvalue of A)13.

11Technically, matrix population models do not have to be square. Seasonal matrices can be non-square
if individual stages are not present during all seasons (Caswell, 2001, p.346). Furthermore, MPMs can
have greater than two dimensions if parameterized by multiple states (e.g., Caswell, 2019a, 2020; Caswell
and Salguero-Gómez, 2013; Childs et al., 2016; Roth and Caswell, 2016). However, these are minor points
that do not affect the description noted above.

12Regarding notation, all non-scalar values (e.g., vectors or matrices) are expressed in bold (e.g., the
MPM A and the population vector nt) whilst scalar values are expressed in plain text (e.g., population
growth rate λ).

13Prior to matrix methods, population metrics of interest (e.g., λ, w and v) were calculated iteratively
using the Newton-Raphson algorithm [see Ebert (1999, p. 16) for more details].
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This analytical toolkit laid the foundation for the new body of theory which connected

environmental stochasticity with structured populations.

The two developments that linked environmental stochasticity with structured

populations came in quick succession. First, Hal Caswell formalized a method to calculate

the importance of individual demographic rates. In Caswell (1978), the importance of

demographic rates is quantified as the partial derivative of the population growth rate

with respect to individual demographic rates
(
∂λ
∂ai j

)
. This measure came to be known as

the sensitivities of population growth rate with respect to demographic rates. Whilst the

mathematics for the formulation of sensitivities falls outside the scope of this dissertation

(i.e., perturbation theory and vector calculus), the quantification of sensitivity values is

quite simple. For example, for any given element ai j in matrix A, its associated sensitivity

value can be calculated as,
∂λ

∂ai j
=

v jwi

⟨v,w⟩
= si j. (1.4)

Here, the sensitivity of λ with respect to ai j (si j) is calculated by the product of the

reproductive value for the stage at time t (v j) and the stable stage distribution at time t + 1

(wi), divided by the scalar product of v and w. And thanks to matrix multiplication,

the sensitivity matrix (S), which contains the sensitivity values associated with all

demographic rates in A, can be calculated as,

S =
vwT

⟨v,w⟩
. (1.5)

The second development in demographic methods involved an explicit connection

of environmental stochasticity to structured populations. Through a series of works in

the 1980s and 1990s, Shripad Tuljapurkar showed how to quantify the negative impact of

environmental stochasticity on structured populations using sensitivities of population

growth rate (Tuljapurkar, 1982, 1989, 1990). Using a small noise approximation

(i.e., a Taylor expansion relating the geometric mean to the arithmetic mean based

on small variances in underlying parameters), the impact of environmental stochasticity

on population growth can be directly connected to the difference between the stochastic
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population growth rate (λs) and the population growth rate associated with the mean

environment (λ1).

log(λs) ≈ log(λ1) −
1

2λ2
1

∑
i j

si j var(ai j) +
∑
i j,kl

si j skl cov(ai j, akl)

 (1.6)

This approximation, known as Tuljapurkar’s approximation, shows how the impact of

temporal variances [var(ai j)] and covariances [cov(ai j, akl)] in demographic rates on λs is

dependent on sensitivities associated with the mean environment (si j) and the arithmetic

mean population growth rate (λ1)14. And, it is with this approximation that the paths of

previous research converge on our modern perspective of demographic buffering.

Simply put, Tuljapurkar’s approximation offers a mathematical approach to

quantify demographic buffering. Any changes to the temporal variance, covariance or

sensitivity values of the population that increase the summation contained in the square-

brackets leads to a less demographically buffered population. On the other hand, any

changes to values that reduce the summation contained in the square-brackets leads to

a more demographically buffered population. In turn, Tuljapurkar’s approximation is

foundational for applied research within conservation biology (Morris & Doak, 2002),

the evolution of phenotypic plasticity (Vinton et al., 2022) and demographic buffering in

particular (Hilde et al., 2020).

1.3.3 From Catherine Pfister to the present

After the formulation of Tuljapurkar’s approximation, the next frontier in stochastic

demography was connecting theory to life histories. Up until the 1990s, stochastic

demography was primarily focused on the implications of stochastic environments for

population persistence; however, Tuljapurkar’s approximation allowed a new line of

inquiry. Tuljapurkar’s approximation provides a potential link between demographic

14If Tuljapurkar’s approximation looks similar to the geometric mean – arithmetic mean approximation
(Eq. 2) and May’s equation for density-dependent unstructured systems (Eq. 1.3), that is because they are
similar. All three formulas show the negative effect of environmental stochasticity on a geometric process.
In turn, all three formulas subtract the impact of variance proportional to the arithmetic mean (which is
X̄, k0 and λ1 for equations 1.2, 1.3 and 1.6 respectively). Furthermore, Tuljapurkar’s approximation is
structurally identical to equation 2 if both sides of the approximation are logged. In turn, Tuljapurkar’s
approximation can be simply viewed as a geometric mean – arithmetic mean approximation for structured
systems.
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buffering and life history theory as it explicitly incorporates the important timings and

events in individual lifespans through their demographic rates. This link was first made

in Pfister (1998).

In Pfister (1998), an explicit hypothesis was tested that eventually became known

as the demographic buffering hypothesis. In summary, the hypothesis states that natural

selection should generate a negative covariance between the temporal variance and

importance of demographic rates in structured populations. This hypothesis builds

off Tuljapurkar’s approximation in two ways. First, the stochastic population growth

rate (λs) can be inferred as a measure of fitness in variable environments, not just as

an estimate of population growth15. And second, selection should act to increase the

value of λs in structured populations. This second point can be achieved through two

mechanisms – either through increases in λ1
16 or by decreases in the negative effects

of environmental stochasticity (i.e., the square-brackets of equation 1.6). In turn, the

demographic buffering hypothesis is explicitly connected to minimizing the contribution

of environmental stochasticity on population growth through the covariance structure of

demographic rate importance and variance.

To test the demographic buffering hypothesis, Pfister (1998) includes two analy-

ses. The data for both analyses included 30 natural populations, representing species from

brown algae to plants to animals, where each population had at least three temporally

distinct MPMs. From these MPMs values of variance were calculated – specifically

temporal variance and coefficient of variation. In addition, the sensitivity and elasticity

values associated with the demographic rates were calculated17. The resulting analysis

15Nowadays, this is a fairly common interpretation (Cubaynes et al., 2022; Koons et al., 2009).
16Importantly, increases in λ1 increase λs by both increasing the mean fitness/population growth rate in

the mean environment and reducing the impacts of environmental stochasticity proportional to 1
2λ2

1
.

17Just to clarify, the temporal coefficients of variation and elasticities associated with demographic
rates were calculated because Tuljapurkar’s approximation (Eq. 1.6) can be rewritten using proportional

values. Just as variance (σ2) is to the coefficient of variation
(

σ
mean

)
, sensitivities

(
∂λ
∂ai j

)
are to elasticities(

ai j

λ

∂λ
∂ai j

)
. The coefficient of variation represents the proportional variance of a sample relative to its

mean. Elasticities represent the proportional sensitivity of λ to a demographic rate. Consequently,
Tuljapurkar’s approximation can be rewritten in terms of proportional values as log(λs) ≈ log(λ1) −
1
2

[∑
i j e2

i jCV2
i j +

∑
i j,kl ei jekl

(
cov(ai j,akl)

āi j ākl

)]
.
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supported the demographic buffering hypothesis. Specifically, Spearman correlations

between sensitivity ∼ variance and elasticity ∼ coefficient of variation indicated a broad

negative relationship between the importance of demographic rates and their temporal

variance across taxa. This support for the demographic buffering hypothesis formalized

the connection between Tuljapurkar’s approximation (as an estimate of demographic

buffering) and life histories, laying the foundation for subsequent research into population

dynamics and life histories in variable environments.

After Pfister (1998), multiple lines of research have re-evaluated and extended

our understanding of demographic buffering in natural populations. A selection of these

developments include:

1. Reflections on correlation methods: The results of Pfister (1998) hinge on the

inferences drawn from Spearman and partial correlation of sensitivities/elasticities

and variance/coefficients of variation (CV), respectively. However, given the

constrained parameter space of demographic rates such as survival (between 0 and

1), correlation coefficients may be spurious. This was addressed in Morris and Doak

(2004) where guidelines are laid out for the appropriate analysis of variance (i.e.,

standardizing measures of variation with respect to maximum possible variance).

2. Life histories as a buffering mechanism: Tuljapurkar’s approximation links

structured population models with environmental stochasticity. However, this

link does not implicitly extend to individual life history traits. The reason for this

disconnect lies in Tuljapurkar’s approximation being parameterized by demographic

rates – which are not themselves life history traits. This gap between life history

traits and environmental stochasticity remained until a collection of papers were

published in quick succession in the early 2000s18. Morris et al. (2008) showed

longevity, as a proxy for pace-of-life syndrome (Stearns, 1992), is positively

correlated with a population’s ability to buffer variable environments. Tuljapurkar

18Whilst no connection had been made between life history traits and environmental stochasticity,
previous work had been performed to connect persistence strategies with variable environments [iteroparity:
Orzack and Tuljapurkar (1989); diapause: Tuljapurkar and Istock (1993); migration: Wiener and Tuljapurkar
(1994); biennialism: Klinkhamer and Jong (1983) and Roerdink (1988, 1989); homeostasis: Orzack (1985)].
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et al. (2009a) showed generation time in addition to demographic dispersion, the

spread of reproduction across a life history, buffers a population against variable

environments. And lastly, Sæther et al. (2013) showed life history stages (ontogeny)

matter when discussing buffering dynamics; simply put, perturbations by variable

environments to early life stages often have disproportionate impacts on long term

population dynamics when compared to perturbations to later life stages. Following

these three papers, multiple comparative studies have been conducted to show the

generality of these findings across taxa (McDonald et al., 2017; Paniw et al., 2018;

Romeijn & Smallegange, 2022).

3. New perturbation approaches: A major development in the study of demographic

buffering came with the creation of new perturbation approaches. In Tuljapurkar’s

approximation, the sensitivities represent the impact of a single demographic

rate on the population growth rate of the mean MPM (i.e., λ1) – not the impacts

of demographic rates on the stochastic population growth rate (i.e.̧ λs). This

difference is non-trivial. Environmental stochasticity introduces non-linearity into

the population model – meaning a change in temporal variance is not inherently

proportional to the change in asymptotic dynamics. To deal with this non-linearity,

two new developments in perturbation analysis were made. These new develop-

ments include stochastic elasticities [where the impacts of demographic rates on λs

can be partitioned between the impact of their mean and their variance (Haridas

& Tuljapurkar, 2005; Tuljapurkar et al., 2003)] and (2) second derivatives of

population growth rate [where the curvilinear reaction norm of population growth

rates with respect to demographic rates can be quantified, (Brodie et al., 1995;

Caswell, 1996b; Shyu & Caswell, 2014)].

4. Demographic lability: One of the assumptions of demographic buffering is that

the reaction norm between an environmental parameter (e.g., precipitation and

temperature) and population growth rate is concave (i.e., ∩-shaped). At the

extremes, this assumption is true by definition. For example, whilst we humans

happily persist at 25°C, we are less equipped to persist at temperatures of -200°C
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and +200°C. In turn, the reaction norm for human population growth rate with

respect to temperature is globally concave; however, population’s rarely experience

this whole continuum. One of the developments after Pfister (1998), involved

the recognition that populations can utilize locally convex reaction norms (i.e.,

∪-shaped) to persist in variable environments19. This phenomenon, known as

demographic lability (Drake, 2005; Koons et al., 2009), has been identified in a

variety of different species (McDonald et al., 2017) and now has a generalizable

framework for its identification in structured population models (Le Coeur et al.,

2022).

5. Beyond the direct effects of temporal variance: Variable environments impact

structured populations in a variety of ways – temporal variance is just one such

perturbation. Another impact comes in the form of perturbations to stage structure

(e.g., selective mortality events). Recently, there has been a rich framework

developed to analyze these impacts, known as transient dynamics, using multiple

analytical and numeric approaches (Caswell, 2007; Ezard et al., 2010; Stott et al.,

2011, 2012). In addition, variable environments can also impact populations by the

specific sequence of realized perturbations over time. To study these mechanisms,

recent papers have incorporated environmental autocorrelation and lagged effects as

discrete components of environmental stochasticity, separate to temporal variance

(Cecco & Gouhier, 2018; Evers et al., 2023; Paniw et al., 2018; Tuljapurkar &

Haridas, 2006).

These developments represent stepwise improvements in our understanding of population

dynamics in variable environments. However, despite these improvements, the connection

between demographic buffering and these developments remains unclear.

Currently, there are three open gaps in knowledge within the demographic buffer-

ing literature. First, how do we identify and quantify demographic buffering using the

new perturbation approaches? Whilst previous work has used stochastic elasticities and

19The proof for the negative effect of concave reaction norms and the positive effect of convex reaction
norms is based on Jensen’s inequality (Jensen, 1906).
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second derivatives (Morris et al., 2008; Caswell, 1996b; Shyu & Caswell, 2014), a formal

connection between these two perturbation approaches and demographic buffering has not

been defined. This remains a critical gap for the scaling of demographic buffering methods

across the tree of life. Second, how does demographic buffering vary across multiple axes

of environmental stochasticity (e.g., temporal variance and autocorrelation)? This gap

in knowledge is especially alarming because changes in environmental stochasticity is

predicted to be a key threat to biodiversity in biodiversity hotspots (Bathiany et al., 2018).

And third, how do the many measures of demographic buffering perform when used for

conservation practices? Despite a vast literature on demographic buffering (Pfister, 1998;

Hilde et al., 2020), there has been no formal test as to the efficacy of individual measures

of demographic buffering to infer population responses to environmental stochasticity.

Currently, all of these questions remain unanswered in the literature and are thus the

subject of this dissertation.

1.4 Dissertation outline

In this dissertation, I connect recent developments in stochastic demography to the study

of demographic buffering and life history evolution in six discrete chapters.

Chapter 2 defines what buffering actually means in ecological modelling. The

concept of buffering is central to the topic of demographic buffering; however, the

emergent property of buffering is rarely defined and often construed in different ways

across ecology. In turn, this short chapter aims to define what buffering is in ecological

modelling by laying out four simple criteria. I led this chapter and collaborated with

Maja Kajin and Roberto Salguero-Gómez. This chapter has been published in Trends in

Ecology & Evolution (Gascoigne et al., 2023a).

Chapter 3 demonstrates the utility of “new” perturbation approaches when

identifying demographic buffering. Specifically, this chapter shows how stochastic

elasticities and second derivatives of population growth rate can be used to identify

demographic buffering at the population and demographic rate levels. I co-led this chapter
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with Gabriel Silva Santos and collaborated with André Tavares Corrêa Dias, Maja Kajin

and Roberto Salguero-Gómez. This chapter is currently under review at Ecology Letters.

Chapter 4 builds on chapter 3 by analyzing demographic buffering in response

to changes in environmental stochasticity. Whilst demographic buffering is intimately

connected to the impacts of stochastic environments on population dynamics, we still do

not know how different components of environmental stochasticity (i.e., autocorrelation

and variance) affect measures of demographic buffering. In turn, this chapter (1) identifies

the impacts of environmental autocorrelation and variance on demographic buffering

and (2) suggests demographic mechanisms that mediate these relationships. I led this

chapter and collaborated with Maja Kajin, Shripad Tuljapurkar, Gabriel Silva Santos,

Aldo Compagnoni, Ulrich Steiner, Anna Vinton, Harman Jaggi, Irem Sepil and Roberto

Salguero-Gómez. This chapter is currently under review at Ecology Letters.

Chapter 5 builds on chapters 3 and 4 by aiming to identify the best method

to measure demographic buffering. Over the course of the past 25 years, multiple

methods have been used to assess demographic buffering. However, no previous study

has compared these approaches for their efficacy to inform population dynamics. In turn,

this chapter identifies four measures of demographic buffering and tests for the efficacy of

each measure to inform population dynamics. I led this chapter and collaborated with

Maja Kajin, Irem Sepil and Roberto Salguero-Gómez. This chapter is in preparation to

be submitted to Methods in Ecology & Evolution.

Chapter 6 aims to reconnect chapters 2 through 5 to life history evolution. To do

so, this chapter includes a broad review of modern perspectives in life history evolution

and offers new perspectives on where future life history research may lead. I led this

chapter and collaborated with Alice Rosen, Krish Sanghvi, Aldo Compagnoni, Ulrich

Steiner, Greta Bocedi, Roberto Salguero-Gómez and Irem Sepil.

Chapter 7 provides a synthetic discussion of how Chapters 2 through 6 contribute

to the literature on demographic buffering and our understanding of populations in

variable environments. This synthesis is generated through (1) a brief synopsis of the
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primary findings across this dissertation, (2) a description of two take-home messages

that directly interface with previous literature, (3) an outline of future research that can be

undertaken following this dissertation and (4) my final thoughts on how this dissertation

has contributed to the fields of life history theory and stochastic demography.
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An inner process stands in need of outward criteria.

— Ludwig Wittgenstein

2
Criteria for buffering in ecological

modelling
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2.1 Preamble

Defining buffering is a problematic area across the field of ecology. Specifically with

regard to demographic buffering, ideas often get conflated (e.g., demographic buffering vs.

the demographic buffering hypothesis) and blurred (e.g., the interpretation of demographic

buffering and demographic lability as different ends of the same continuum). However,

these problems also arise outside the scope of demographic buffering.

Admittedly, early outlines of this dissertation were not going to include an

argument for the definition of buffering for the ecological community. Usually, problems

of definitions are dealt with by referencing a canonical text and moving on to the topic at

21
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hand1. However, this chapter was made necessary for two reasons. First, the connection

between buffering in ecological modelling and chemistry has been a topic of conversation

amongst our collaborators for a few years now; however, there was no text explicitly

stating this narrative. And second, a paper came out in Trends in Ecology & Evolution

(i.e., Milles et al. (2023a)) that, in our view, obfuscates the notion of what a buffering

mechanism actually means in the context of ecological systems.

In turn, we wrote this chapter2 in response to Milles et al. (2023a)3 to (1) relay

a previously uncommunicated perspective on buffering in ecological modelling and (2)

offer clarity for what is and is not a buffering mechanism.

2.2 Main text

Buffering is a key phenomenon at all levels of biological organization. From individuals to

populations, communities and beyond, buffering mechanisms may enhance the persistence

of ecological systems in a changing world. Milles et al. (2023a) synthesize and build on a

large body of literature (Pfister, 1998; Morris et al., 2008; Hilde et al., 2020; Stott et al.,

2011; Koons et al., 2009; Bruijning et al., 2020) by classifying buffering mechanisms

into two categories: damping and repelling mechanisms. These categories make a timely

contribution by combining predictions from stochastic systems [damping mechanisms

that reduce variance in ecological dynamics (Pfister, 1998; Morris et al., 2008; Hilde

et al., 2020)] and from disturbance ecology and transient dynamics [repelling mechanisms

that resist or counteract population decline (Stott et al., 2011; Koons et al., 2009)]. Whilst

damping and repelling mechanisms are helpful to understand ecological persistence, we

still lack a useful definition of what a buffering mechanism actually is. In Milles et al.

(2023a), a buffer mechanism “increases population persistence.” However, we argue this

definition is necessary but not sufficient to adequately characterize buffering mechanisms

within an ecological system of interest. For example, when studying the buffering

mechanisms of the wolf (Canis lupus) population in Yellowstone National Park, USA,

1Funnily enough, the canonical paper for demographic buffering is Pfister (1998) which at no point
mentions the words buffer or buffering.

2Now published in Trends in Ecology & Evolution (Gascoigne et al., 2023a).
3To which they responded in Milles et al. (2023b).
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legislation developed to reduce wolf culls should not count as a buffering mechanism –

despite fitting the definition from Milles et al. (2023a). The reason legislation should

not count as a buffering mechanism is that it acts extrinsically (not intrinsically) to the

ecological system of interest (i.e., the wolf population). Here, we propose a set of criteria

– inspired by the birthplace of buffering (i.e., chemistry) – that are necessary and sufficient

for an ecological process to be considered a buffering mechanism.

In chemistry, buffering mechanisms are well defined. Chemists have used the

term “buffer” for over 100 years to describe a solution’s intrinsic ability to maintain its

pH after being “perturbed” with a new solution. For example, let us imagine a solution of

interest called go-juice. A sample of go-juice is an aqueous solution of a weak acid (HA,

pH=4.5) and its conjugate base (A−). These molecules reach equilibrium according to

the following equation:

HA + H2O⇌ A− + H3O+. (2.1)

A chemist may be interested in how the pH of go-juice responds to the addition of a base.

In turn, by adding 3mL of 0.5M sodium hydroxide (NaOH), which has a pH of 13.7,

the pH of the disturbed solution now sits at 6.0. From these data, one can (1) calculate

the buffering capacity (β, Equation 2.2) of the go-juice solution relative to the strength

of the perturbation of 3mL of 0.5M NaOH and (2) identify the mechanisms by which

the solution was able to buffer the perturbation – in this case by calculating the acid

dissociation constant (Ka) of HA and understanding Le Chatelier’s principle (Fig. 2.1A).

These two inferences (i.e., the estimation of buffering capacity and its mechanism(s))

represent the necessary conditions for a chemical buffer. We recommend that ecology

should adopt these standards.

β =
moles of OH− per litre of go-juice

final pH − initial pH
(2.2)

Taking inspiration from chemistry, we propose four criteria for an ecological process

at the level of individuals, populations, communities, etc. to be considered a buffering

mechanism. The candidate ecological process must:
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1. Be perturbation specific. A system must be buffered against a perturbation (e.g.,

frequency and intensity of heatwaves).

2. Be an intrinsic mechanism to the system of interest (e.g., an individual, a population,

a community).

3. Have a focal metric as a response variable (e.g., thermal tolerance, extinction risk,

species richness, stochastic population growth rate (λs) - see Fig. 2.1B).

4. Have a clear benchmark relative to either the absence of the mechanism, the

unperturbed/previous state, or the degree of perturbation.

These four criteria represent an initial filter for a buffering mechanism to be subsequently

classified as damping or repelling as per Milles et al. (2023a).

To illustrate the utility of these criteria, let us imagine two groups of ecologists

independently examining the buffering mechanisms of reindeer (Rangifer tarandus

platyrhynchus) populations in Svalbard, Norway. Upon completion of the research,

both teams report different findings. The first team reports:

The reindeer population is buffered. Increased wolf culls buffer the population
against environmental stochasticity.

This report falls short of all proposed criteria as: (1) environmental stochasticity is not a

specific perturbation, rather a combination of factors that influence the spatiotemporal

variance of ecological dynamics (Vinton et al., 2022; Engen et al., 1998); (2) wolf culls

are extrinsic, not intrinsic, to the reindeer population; (3) there is no focal metric; and (4)

buffering is reported as binary (buffered/not buffered) instead of as a relative value. In

contrast, the second team reports:

In response to increases in rain-on-snow events, the reindeer population
exhibits shifts in its population structure. These shifts in population structure
act as a damping buffering mechanism reducing variance in stochastic
population growth rate (λs) by 30% relative to a population that does not
exhibit these shifts in population structure.
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This report, inspired by Hansen et al. (2019), offers meaningful insight regarding how the

reindeer population exhibits a damping buffering mechanism by following our proposed

criteria: (1) the perturbation is specific to increases in rain-on-snow events; (2) the

damping mechanism (i.e., shifts in population structure) is intrinsic to the population of

interest; (3) the team clearly defines λs as the response variable; and (4) the degree of

buffering (i.e., 30%) is relative to the absence of the mechanism.

Buffering mechanisms offer key insights to ecological systems across levels

of biological organization. However, ecologists have not yet defined buffering in a

generalizable manner that offers broad utility to the field. Here, we build on the damping-

repelling framework from Milles et al. (2023a) by proposing four necessary criteria for

an ecological process to make the grade of buffering mechanism. To close, we end

with a caution. These new terms overlap with well-established concepts in the field of

ecology. For instance, the parallelisms between damping and demographic buffering

(Hilde et al., 2020; Gascoigne et al., 2023b; McDonald et al., 2017) and repelling and

transient dynamics (Stott et al., 2011; Koons et al., 2009) may not prove advantageous to

push the field forward.
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Criteria for buffering in chemistry:

(A) BUFFERING IN CHEMISTRY

Chemical formula for Go-Juice:
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Figure 2.1: An illustration of buffering mechanisms from chemistry to ecology. (A)
Buffering in chemistry has a clear definition: a solution’s intrinsic ability to maintain its pH
after being ‘perturbed’ with a new solution. To illustrate the translatability of this concept, we
use our example of a made-up solution, go-juice, where buffering is shown by the stabilized
concentration of H3O+ after the addition of 3mL of 0.5M NaOH. Here, both the pH meter
and Le Chatelier’s principle represent factors that may impact the measure of go-juice’s
buffering capacity (β). However, only Le Chatelier’s principle makes the grade of buffering
mechanism, because this principle refers to a mechanism intrinsic to the system (the chemical
formula) while measurement error does not. (B) Here, we show how our proposed criteria for
a buffering mechanism can be unambiguously identified in an ecological system. Following
the same framework used in chemistry (A, top right), we illustrate how multiple factors can
be tested for their degree of buffering in an ecological system. In our example, three candidate
factors are shown to have varying effects, via different mechanisms, on a focal metric [here,
stochastic population growth rate (λs)]. The strength of their impact is illustrated by the
thickness of the arrows. On the right, we show the net effect of each mechanism as a function
of each factor. Following our criteria, only one mechanism (the repelling mechanism in
response to factor 3) can be considered as buffering the focal metric.



The data is the data. I mean, there it is for better or for
worse. So, the idea is that you use a mathematical theory
to paint the data blue. And if you paint the data blue, many
times you can see things that you didn’t see in the original
data.

— Allen Tannenbaum

It may be very true that demographers know too much.

— Robert MacArthur (1960)
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3.1 Abstract

The Demographic Buffering Hypothesis (DBH) predicts that natural selection reduces

the temporal fluctuations in demographic processes (such as survival, development,

and reproduction), due to their negative impacts on population dynamics. However,

a comprehensive approach that allows for the examination of demographic buffering

27
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patterns across multiple species is still lacking. Here, we propose a three-step framework

aimed at quantifying demographic buffering. Firstly, we categorize species along a

continuum of variance based on the sums of stochastic elasticities. Secondly, we examine

the linear selection gradients, followed by the examination of nonlinear selection gradients

as the third step. With these three steps, our framework overcomes existing limitations

of conventional approaches to quantify demographic buffering, allows for multi-species

comparisons, and offers insight into the evolutionary forces that shape demographic

buffering. We apply this framework to mammal species and discuss both the advantages

and potential of our framework.

3.2 Introduction

Environmental stochasticity plays a pivotal role in shaping organisms’ life histories

(Bonsall & Klug, 2011). Nonetheless, how organisms will cope with the increasing

variation in environmental conditions expected under climate change (Boyce et al., 2006;

Morris et al., 2008) is one of the most intriguing questions in ecology and evolutionary

biology (Sutherland et al., 2013). Evolutionary demography offers a wide array of

explanations for the evolutionary processes that shape the diversity of demographic

responses to environmental stochasticity (Charlesworth, 1994; Healy et al., 2019; Hilde

et al., 2020; Pfister, 1998; Tuljapurkar et al., 2009a). The Demographic Buffering

Hypothesis (DBH, hereafter) (Morris & Doak, 2004; Pélabon et al., 2020) is based on

the fact that long-term stochastic population growth rate can be expressed in terms of

the geometric mean of the annual population growth rates (Tuljapurkar, 1982). As the

geometric mean of λ increases, so does the long-term stochastic population growth rate

(λs, hereafter). However, it follows that variance in λ decreases λs (Morris & Doak, 2004;

Tuljapurkar, 1982). In other words, temporal variation in λ negatively affects long-term

population persistence. This theoretical context sets the stage for the DBH. The DBH

stipulates that life histories are under selection pressure to minimise the negative impacts

of environmental variation by constraining the temporal variance of those demographic

processes (e.g., survival, development, reproduction) to which population growth rate (i.e.,

fitness) is most sensitive to (Gaillard & Yoccoz, 2003; Pfister, 1998). The demographic
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pattern operating the DBH, i.e., demographic buffering, describes the selection-driven

constraint on the temporal variance of the most impacting demographic processes for the

population growth rate (Hilde et al., 2020; Morris & Doak, 2004; Pfister, 1998). Here, we

focus on the latter - on the emerging pattern of demographic buffering in different animal

life histories – rather than on the DBH itself.

A unified approach to unambiguously quantify demographic buffering is still

missing. Indeed, identifying demographic buffering remains challenging (Doak et al.,

2005; Morris & Doak, 2004) for at least three reasons. First is the different interpretation

of results from correlational analyses (e.g., as in Pfister, 1998). Some authors have used

the correlation coefficient as an index to order species’ life histories in a continuum

ranging from buffered (Spearman’s correlation ρ < 0 between the sensitivity of λ to

demographic processes and their temporal variance) to labile (ρ > 0), regardless of the fit

of the linear regression to more or less scattered data (McDonald et al., 2017). In contrast,

other researchers interpret the absence of statistical support for demographic buffering as

an alternative strategy where variance in demographic process(es) is favoured to track

environmental conditions (the so-called Demographic Lability Hypothesis, DLH (e.g.,

Koons et al., 2009; Reed and Slade, 2012; Jäkäläniemi et al., 2013; Hilde et al., 2020).

However, the increased temporal variance is a necessary but not sufficient condition to

constitute demographic lability – the increased temporal variance needs to lead to (often

high) change in the demographic process mean value (Le Coeur et al., 2022).

The second obstacle to obtain generalisation across species’ populations re-

garding demographic buffering is the hierarchical level at which this phenomenon is

typically examined. Some studies base their investigations of demographic buffering

on a characteristic drawn from the entire population model (between-populations level,

hereafter) (McDonald et al., 2017; Reed & Slade, 2012). At the between-populations

level, a life history is referred to as demographically buffered if the most important

demographic process(es) has(ve) low temporal variance (Le Coeur et al., 2022; Hilde

et al., 2020; Morris & Doak, 2004; Pfister, 1998). However, to understand how, why,

and where demographic buffering occurs –or not– and how buffering patterns might be
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modified in response to the environment, it is essential to also consider the characteristics

of the separate components of population model (within-populations level, hereafter). At

the within-populations level, a given demographic process can be buffered against the

environment, while another can be labile to it (Barraquand & Yoccoz, 2013; Jongejans

et al., 2010; Koons et al., 2009). Thus far, studies have focused primarily on these two

levels individually. However, here we argue that, to obtain a mechanistic understanding

of how environmental stochasticity shapes life histories, both between- and within-

populations levels need to be considered at the same time.

The third reason limiting a holistic understanding of demographic strategies

in stochastic environments are the challenges inherent to examining their underly-

ing mechanisms. Evidence for demographic buffering exists across some long-lived

organisms with complex life cycles, (Doak et al., 2005; Gaillard & Yoccoz, 2003;

McDonald et al., 2017; Pfister, 1998; Rotella et al., 2012), but also in short-lived species

(Ferreira et al., 2013; Pfister, 1998; Reed & Slade, 2012). Importantly, these patterns of

variation do not entirely inform how the life histories were shaped by natural selection.

The beforementioned patterns of variation are represented by the first-order effects of

perturbations in demographic processes on population growth rate (i.e., elasticities). A

first order effect informs us regarding the population growth rate’s sensitivity to variation

in demographic processes. While a second-order effect of perturbations in demographic

processes reveals the population growth rate’s sensitivity to autocorrelation (Tuljapurkar,

1990). Given so, integrating both, first and second-order effects of perturbations in

demographic processes on the population growth rate, allows us to understand the

behaviour of the fitness function at the vicinity of the local maxima and/or minima.

When the relationship between fitness and a demographic process is linear, the

second-order derivatives of population growth rate with respect to demographic processes

equal zero. In such cases, natural selection acts on the mean value of a demographic

process (Shyu & Caswell, 2014). However, nonzero second derivatives indicate a

nonlinear relationship between fitness and a demographic process (either concave if

<0, or convex if >0) and thus provide additional and often overlooked characteristics of
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selection acting on demographic processes – not only their mean values, but also their

variances and covariances (Brodie et al., 1995; Carslake et al., 2008; Shyu & Caswell,

2014).

The sign (i.e., >0, =0, <0) of the self-second derivative of λ with respect to

demographic processes determines the type of (non)linear selection acting on a demo-

graphic process. For instance, a negative self-second derivative for a given demographic

process describes a concave form of selection, commonly referred to as the ∩-shaped

selection (Caswell, 1996b, 2001; Shyu & Caswell, 2014). This form of selection reduces

the temporal variance in said demographic process, thereby providing evidence of

demographic buffering. Conversely, a demographic process yielding a positive self-

second derivative identifies a convex, or ∪-shaped selection (Caswell, 1996b, 2001;

Shyu & Caswell, 2014). Such a selection mechanism acts upon demographic processes

amplifying their temporal variance, thus potentially evidencing demographic lability (Le

Coeur et al., 2022; Koons et al., 2008). The evidence of lability is only potential, because

to constitute demographic lability, the increased variance needs to shift the mean value of

a demographic process. The shift in the mean value of a demographic process needs to

outweigh the negative effect of variance in population growth rate.

The rich variation in demographic strategies across the tree of life is a result of

evolutionary processes that have shaped variance in demographic processes through time.

In this context, setting demographic buffering into the adaptive landscape context of linear

and nonlinear selection enables us to identify and quantify the evolutionary processes

that generate said demographic patterns. In this way, one will better understand how

increased variability of environmental conditions might act on the existing – and shape

novel – demographic strategies. However, we still lack a unified approach to constitute

the signatures of demographic buffering.

Here, we present a framework that identifies and quantifies demographic buffer-

ing. Our framework provides a rich insight into the patterns of temporal variance in

demographic processes affected by environmental stochasticity. This framework involves

categorizing species or populations along a variance continuum based on the extent to



32 3.3. A unified framework to assess evidence of demographic buffering

which key demographic processes are buffered by natural selection, thereby limiting their

temporal variability. The framework consists of four steps with a mix of well-known

methods applied to stage-structured demographic information [e.g., matrix population

models (Caswell, 2001); integral projection models (Easterling et al., 2000; Ellner et al.,

2016)]. First, we position species or populations on the aforementioned continuum

to assess the cumulative effect of the variance in their key demographic processes on

population growth rate at the between-populations level. Second, we investigate the

presence of linear selection forces operating within the life cycle of each species or

population at the within-populations level. Third, we explore the impact of non-linear

selection forces acting within the life cycle of each species or population, also at the

within-populations level. The combination of these three steps provides quantitative

evidence for the occurrence of demographic buffering. Step four suggests the further

necessary analyses to identify demographic lability.

To demonstrate the applicability of our framework, we apply it to 44 populations

of 38 mammal species sourced from the COMADRE database (Salguero-Gómez et

al., 2016a). We showcase how the framework can provide valuable insights into the

patterns of demographic buffering across species. The framework offers novel, detailed

insights into the selection pressures that act within species’ life cycles, thus allowing for a

thorough understanding of the evolutionary selection pressures that shape the patterns

of demographic buffering across species. Beyond providing a quantitative, systematic

toolset to quantify buffering through three steps, we have also offered a potential fourth

step that briefly outlines how to evidence lability.

3.3 A unified framework to assess evidence of demo-
graphic buffering

The evidence for demographic buffering has been mainly assessed using Matrix Popu-

lation Models (MPM; Pfister, 1998; Rotella et al., 2012). However, Integral Projection

Models (IPM; Rodríguez-Caro et al., 2021; Wang et al., 2023) can be equally applied
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for identifying the demographic buffering signatures. Both MPMs and IPMs are stage-

structured, discrete-time demographic models (Caswell, 2001; Ellner et al., 2016). For

simplicity, here we focus on MPMs, but note that the same approaches are as equally

applicable to IPMs (Doak et al., 2021; Griffith, 2017). Throughout this manuscript, we

refer to demographic processes as both matrix entries ai j (i.e., upper-level parameters) and

the vital rates that underline the matrix elements (i.e., lower-level parameters), and note

that their conversion is straightforward and described elsewhere (Franco & Silvertown,

2004). The framework operates on three steps.

The first step of our framework involves acquiring the relative impact of variation

in demographic processes on the stochastic growth rate, λs, the so-called stochastic

elasticities, ES
ai j

(Haridas & Tuljapurkar, 2005) (Fig. 3.1A). The sum of all stochastic

elasticities (
∑

ES
ai j

), can be separated into two components to assess how temporal variance

and mean values of each demographic process impact λs. The first component represents

the sum of stochastic elasticity of λs with respect to the variance
∑

Eσ2

ai j
, and the second

represents the sum of stochastic elasticity of λs with respect to the mean
∑

Eµ
ai j , where∑

ES
ai j
=

∑
Eσ2

ai j
+

∑
Eµ

ai j (Haridas & Tuljapurkar, 2005). Thus, the summation
∑

Eσ2

ai j

quantifies the summed effect to which the stochastic population growth rate (λs) is

influenced by changes in the variances of the demographic processes within the population

matrix.

A higher sum of stochastic elasticity of λs with respect to the variance of

demographic processes (i.e., higher absolute value; |
∑

Eσ2

ai j
|) indicates that small changes

in the variance of demographic processes would have a substantial impact on λs. In

other words, the variance of that demographic process is not constrained by selection,

indicating absence of demographic buffering. On the other hand, a lower (absolute)

stochastic elasticity of λs with respect to the variance of a given demographic process

suggests that λs is less sensitive to such perturbations, or, that variance in demographic

processes is being constrained by natural selection, thus suggesting demographic buffering

(Haridas & Tuljapurkar, 2005; Tuljapurkar et al., 2003) (Fig. 3.1A).
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The first step of the framework thus features the between-populations level and

places species or populations alongside a continuum. Species exhibiting unconstrained

variance in demographic processes (i.e., possibly not buffered, Fig. 3.1A, blue dots) are

positioned on the left-hand side of the continuum. In contrast, species with constrained

variance in demographic processes (i.e., possibly buffered, Fig. 3.1A, yellow dots) are

positioned on the right-hand side of the continuum. However, the left-hand side of the

continuum does not necessarily imply evidence of demographic lability. This is so because

demographic lability is defined as an increase in the mean value of a demographic process

in response to improved environmental conditions (Le Coeur et al., 2022). By examining∑
Eσ2

ai j
, we can visualize an increase or decrease of the contribution that variance of

demographic processes has on the long-term population growth rate, while the mean

value of a demographic process does not change.

Step 1 of our framework examines the impacts that environmental variation

has on the long-term population growth rate, λs (Tuljapurkar et al., 2003). This means

that the resulting variance continuum in this step of the framework is based on how

λs was affected by variation in the key demographic parameter across all contiguous

time periods. However, Haridas and Tuljapurkar (2005) explicitly acknowledge that

covariances between demographic processes and serial correlations need to be investigated

to diagnose buffering entirely. Our approach does not use covariances neither serial

correlation, but rather focuses on the second derivatives of the population growth rate

with respect to demographic processes and elucidates how selection is acting on variance

(step 3, below).

Steps 2 and 3 of the framework are conducted at the within-populations level.

Once species or populations are positioned along the variance continuum regarding

the summed effect of variation on λs, (step 1), one needs to zoom into each life cycle

separately, analysing the selection pressures acting on each one of the demographic

processes composing the life cycle (i.e., population model). In doing so, one can inspect

the selection pressures that have generated the patterns found in step 1. Step 2 (Fig. 3.1B)

requires obtaining the partial derivatives of the deterministic population growth rate, λ1,
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relative to all matrix elements of the MPM of interest (i.e., elasticities of λ1 with respect

to each demographic process in the MPM). Step 2 therefore informs on the impact that

each of the demographic processes has on λ1.

Finally, in step 3, one assesses the pattern of nonlinear selection by using the self-

second derivatives of λ1 with respect to each demographic process (Fig. 3.1C). This step

reveals the potential nonlinear selection pressures on each of the demographic processes

within a life cycle. This step is key to understanding the evolutionary processes (i.e.,

types of nonlinear selection) that the demographic processes are subjected to. Without

understanding the evolutionary processes operating on the demographic processes, the

pattern observed in step 1 might be artefactual (e.g., Lawler et al., 2009).

Steps 2 and 3 of the framework feature selection pressures that have been averaged

over the contiguous time periods. This means that the resulting patterns are based on

how λ1 (obtained from averaging all sequential MPMs across the duration of the study)

would be affected if a demographic process were perturbed. Therefore, steps 2 and 3

are based on different information when compared to step 1 and can thus complete our

understanding of the role of selection pressures on shaping demographic patterns across

multiple species.

Another important asset of step 3 includes the notion that the relative importance

(elasticity) of demographic processes themselves changes with changing environment

(Stearns, 1992). In other words, the extent to which λ1 is sensitive to perturbations in a

specific demographic process is dynamic (De Kroon et al., 2000). Thus, the self-second

derivatives generate information on how the sensitivity (or elasticity) of λ1 might change.

If the sensitivity (or elasticity) of λ1 can change, then it is important to know which

demographic processes are most prone to trigger such a change. In the example of a

hypothetical wolf species (Fig. 3.1), this means that if the reproduction of the third

age-class individuals (matrix element a1,3) decreased, the sensitivity of λ1 to a1,3 would

increase (square with the largest black dot, Fig. 3.1C). Consequently, with increased

environmental variability, the key demographic process might change from remaining in
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the fourth age class (matrix element a4,4, Fig. 3.1B) to reproduction of the third age-class

(matrix element a1,3, Fig. 3.1C).

Combining the three steps of our framework allows for a quantitative identifica-

tion of buffering. Steps 2 and 3 offer key insights as to why a given species or population

is placed on either the buffered or the non-buffered end of the variance continuum.

Clear evidence of demographic buffering consists of: (1) a species or population being

positioned near the 0 end of the continuum (the right-hand side) in step 1; (2) this

species’ or populations’ life cycle having one or more demographic processes with

highest elasticity values in step 2; and (3) the same demographic process displaying

the highest elasticity in step 2 with negative self-second derivative values in step 3. In

this sense, Figure 3.1B shows that, for the chosen population of a hypothetical wolf

species, the most important demographic process is remaining in the fourth stage (MPM

element a4,4), as this demographic process results in highest elasticity value (Fig. 3.1B

yellow square). However, Fig. 3.1C reveals that a4,4 is under little selection pressure for

variance reduction. Thus, there is no clear evidence of buffering from the third step of

the framework (i.e., no concave selection forces).This way, the lack of concave selection

forces on the key demographic process within wolf’s life cycle explains why this species

is placed on the left-hand side of the variance continuum (Fig. 3.1A).

Placing species on the non-buffered end of the continuum is a necessary but

not sufficient condition for evidence demographic lability. It is key to highlight that

demographic buffering and lability do not represent two extremes of the same continuum.

The variance continuum allocates the species or populations from strongly buffered to

non-buffered, but to test the for lability, a further step is needed.

Although not our primary goal here, we briefly introduce said step 4. To establish

compelling evidence of lability, it is essential to fulfil several further criteria. First,

sufficient data across various environments (over time or space) are required to construct

reaction norms that depict how a demographic process responds to environmental changes

(Morris et al., 2008; Koons et al., 2009) (Morris et al., 2008; Koons et al., 2009), which can

be challenging in terms of sufficient and high-quality demographic and environmental data.
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Second, non-linear relationships between demographic processes and the environment

must be established based on the demographic process-environment reaction norms.

Lastly, demographic processes where an increase in the mean value has a stronger

positive impact on population growth rate than the detrimental effect of increased variance

need to be identified. This latter condition is only achieved when the demographic

process–environment reaction norm is convex (∪-shaped; Morris et al., 2008; Koons et al.,

2009). Importantly, we note that more likely than previously thought (e.g., Pfister, 1998),

species do not exist as purely buffering or labile, but that within populations, some vital

rates may be buffered, other labile, and others insensitive to the environment (e.g., Doak

et al., 2005). Deciphering generality in this likely complex pattern should attract much

research attention going forward, in our opinion.
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Figure 3.1: A three-step framework to assess evidence of demographic buffering. Step
1 - allocate species and/or populations on a variance continuum (A, dots representing 50
hypothetical species). The variance continuum operates at the between-populations level
and is represented by partitioning the sum of all the stochastic elasticities (

∑
ES

ai j
) into two

components: i) sums of stochastic elasticities with respect to the variance (
∑

Eσ2

ai j
), and

ii) sums of stochastic elasticities with respect to the mean (
∑

Eµ
ai j). The first step of our

framework shows
∑

Eσ2

ai j
forming a continuum where the right-hand side of the plot represents

species (or populations) where a perturbation of variance in demographic processes results in
weak or no impact on λs (yellow dots). The yellow-dotted species (or populations) can be
classified as having potentially buffered life-cycles– based on all the demographic processes.
The left-hand side of the graph represents species (or populations) where a perturbation
of the variance in demographic processes results in strong impact on λs (blue dots). Thus,
the blue-dotted species (or populations) can be classified as having potentially unbuffered
life cycles – based on all the demographic processes. Step 2 - Access the linear selection
pressures for individual species or populations at within-species level (B). Step 2 displays the
elasticities of the deterministic population growth rate (λ1) for a hypothetical population of
wolf and reveals the linear selection gradients, and which demographic processes are the most
influential for λ1. Step 3 - Access the nonlinear selection pressures at the within-species level
(C). In the third step self-second derivatives for the corresponding demographic processes
from step 2 are displayed.
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3.4 Demographic buffering in mammals: A case study
using the unified framework

We demonstrate the performance of our framework using 44 MPMs from 38 mammal

species. Mammals are of special interest here for two reasons: (1) mammalian life

histories have been well studied (Bielby et al., 2007; Gillespie, 1977; Jones, 2011;

Stearns, 1983); and (2) some of their populations have already been assessed in terms

of buffering, particularly for primates (Campos et al., 2017; Morris et al., 2008, 2011;

Reed & Slade, 2012; Rotella et al., 2012). Together, the well-studied life histories and

previous information about the occurrence of buffering in mammals provide the necessary

information to make accurate predictions and validate the performance of the proposed

framework.

We used Matrix Population Models from 44 out of 139 studies with mammals

available in the COMADRE database v.3.0.0 (Salguero-Gómez et al., 2016a). These

44 populations encompass 38 species from eight taxonomic orders. We included these

MPMs in our analyses because they provide values of demographic processes (ai j)

for three or more contiguous time periods, thus allowing us to obtain the stochastic

elasticity of each ai j. Although we are aware that not all possible temporal variation in

demographic processes may have been expressed within this period, we assumed three or

more transitions are enough to provide sufficient variation for population comparison. At

least three contiguous time periods - a common selection criteria in comparative studies

of stochastic demography (Compagnoni et al., 2024) - also allowed to test and showcase

our framework. Fortunately, several long-lived species, characterized by low variation

in their demographic processes, were studied for a long time (e.g., some primates in

our dataset have been studied for over 20 years – Morris et al., 2011). We removed the

populations where either only survival or only reproduction rates were reported because

of the impossibility to calculate the stochastic growth rate. A detailed description of the

analysed data and their original sources are available in the supplementary materials.

Homo sapiens was included in our analyses because it is the only mammalian

species in which second-order derivatives have been applied (Caswell, 1996b). Therefore,
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Homo sapiens provides an ideal basis for comparisons among species. The data for Homo

sapiens were gathered from 26 modern populations located in various cities, allowing us

to construct a spatiotemporal variance. It is important to note that in this case, we are not

working with true temporal variance but rather a variance that encompasses both spatial

and temporal aspects.

For steps 2 and 3 of our framework, we utilized a subset of 16 populations

(including Homo sapiens) whose population projection matrices (MPMs) were organized

by age. We specifically selected these populations because their life cycles can be

summarized by two main demographic processes: survival and contribution to recruitment

of new individuals. The contribution to recruitment can be interpreted as either the mean

reproductive output for each age class or an approximation thereof, depending on how the

matrices are structured (Ebert, 1999). One advantage of using such matrices is that they

encompass only two types of demographic processes, namely survival and recruitment,

eliminating the need to account for multiple transitions between different life stages.

To perform the step 1 of our framework and obtain the
∑

Eσ2

ai j
(and

∑
Eµ

ai j), we

followed Tuljapurkar et al. (2003) and Haridas and Tuljapurkar (2005). To perform step

2 of our framework, we calculated the deterministic elasticities of each demographic

process extracted using the popbio package. All analyses were performed using R version

3.5.1 (R Core team, 2018). Finally, to perform the step 3 of our framework the self-second

derivatives were adapted from demogR (Jones, 2007) following (Caswell, 1996b) and

applied for the mean MPM.

3.4.1 Results

We ranked 44 populations from the 38 identified mammal species according to the

cumulative impact of variation in demographic processes on λs using the step 1 of our

framework (Fig. 3.2). Additional information (including standard deviations of the

elasticity estimates and number of matrices available) is provided in the supplementary

materials (Table 3.2). Most of the analysed orders were placed on the low-variance end of

the variance continuum (Fig. 3.2). The smallest contributions of variation in demographic
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processes (i.e., maximum value of
∑

Eσ2

ai j
, note that

∑
Eσ2

ai j
ranges from 0 to -1), suggesting

more buffered populations, were assigned to Primates: northern muriqui (Brachyteles

hyphoxantus,
∑

Eσ2

ai j
= −0.09 × 10−4 ± 0.12 × 10−4) (mean ± standard deviation) (Fig. 3.2

silhouette a), mountain gorilla (Gorilla beringhei,
∑

Eσ2

ai j
= −0.24 × 10−4 ± 0.08 × 10−4)

(Fig. 3.2 silhouette b), followed by the blue monkey (Cercopithecus mitis,
∑

Eσ2

ai j
=

−0.63×10−4±0.06×10−4 (Fig. 3.2 silhouette c). The first non-primate species placed near

the low-variance end of the continuum was the Columbian ground squirrel (Urocitellus

columbianus, Rodentia,
∑

Eσ2

ai j
= −0.003±0.002) (Fig. 3.2 silhouette d). The species with

the highest contribution of variation in demographic processes placed at the high-variance

end of the continuum was the stoat (Mustela erminea, Carnivora,
∑

Eσ2

ai j
= −0.35 ± 0.02)

(Fig. 3.2 silhouette e). All the 14 primate populations displayed potential evidence of

buffering, occupying the right-hand side of the variance continuum, with the exception

of the Patas monkey (Erythrocebus patas, Primates,
∑

Eσ2

ai j
= −0.05 ± 0.03) (Fig. 3.2

silhouette f). The snowshoe hare (Lepus americanus, Lagomorpha,
∑

Eσ2

ai j
= −0.29±0.16)

(Fig. 3.2 silhouette g) and the Bush rat (Rattus fuscipes, Rodentia,
∑

Eσ2

ai j
= −0.25 ± 0.03)

(Fig. 3.2 silhouette h) appear on the high-variance end of the continuum.
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Figure 3.2: Results for step 1 of our framework showing the sum of stochastic elasticities
with respect to the variance

(∑
Eσ2

ai j

)
. The closer the

∑
Eσ2

ai j
is to zero, the weaker the

impact of variation in demographic processes on λs. The 44 populations from 38 species
of mammals from the COMADRE database are ranked into the variance continuum from
potentially buffered (right-hand side) to less buffered (left-hand side), since any variation in
demographic processes would strongly impact λs. Colors represent different taxonomic orders
with Primates occupying the right-hand side. Silhouettes: a) Brachyteles hyphoxantus, b)
Gorilla beringhei, c) Cercopithecus mitis, d) Urocitellus columbianus, e) Mustela erminea, f)
Erythrocebus patas, g) Lepus americanus, h) Rattus fuscipes, i) Ovis aries, j) Homo sapiens,
k) Macropus eugenii and l) Felis catus. The y-axis represents the frequency of data points at
each

∑
Eσ2

ai j
value (depicted as a density function), but the jitter applied on the y-axis has no

biological meaning.

As predicted for steps 2 and 3, we could not observe a clear pattern in support of

buffering. This finding means that the demographic processes with the highest elasticity

values failed to display strongly negative self-second derivatives (Fig. 3.3). Particularly

for majority of primates - with the lack or minor temporal variation in demographic

processes - demographic processes with high elasticities had positive values for the self-

second derivatives (indicated by yellow squares with white dots in Fig. 3.3). Examples

of primate species exhibiting high elasticities and positive values for the self-second

derivatives and include northern muriqui (Brachyteles hypoxanthus), mountain gorilla

(Gorilla beringei), white-faced capuchin monkey (Cebus capucinus), rhesus monkey

(Macaca mulatta), blue monkey (Cercopithecus mitis), Verreaux’s sifaka (Propithecus
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verreauxi) and olive baboon (Papio cynocephalus) (Fig. 3.3). This implies that the key

demographic processes influencing λ1 are not subject to selective pressure for reducing

their temporal variability. However, even though the primates were positioned closer to

the low-variance end of the continuum in step 1, the evidence from steps 2 and 3 does not

support the occurrence of buffering in the most influential demographic processes.

The killer whale showed similar controversy between step 1 and steps 2-3 results

as most primates. In step 1, the killer whale was positioned at the buffered end of the

variance continuum (Orcinus orca, Cetacea,
∑

Eσ2

ai j
= −0.70×10−4±1.04×10−5 (Fig. 3.2

silhouette not shown). However, steps 2 and 3 show that the three demographic processes

in killer whale life cycle with highest elasticity values (matrix elements a2,2, a3,3 and a4,4)

are not under selection pressures for reducing their temporal variance, but the opposite

(depicted by yellow and green squares with white dots, Fig. 3.3).

The only primate species exhibiting evidence of buffering in steps 2 and 3 was

human. In human, demographic parameters representing survival from first to second age

class (matrix element a2,1) displayed high elasticities and negative self-second derivatives

(depicted as yellow squares with black dots in Fig. 3.3). Evidence supporting buffering

was also found in the Columbian ground squirrel (Urocitellus columbianus), where,

similar to humans, survival from the first to the second age class (matrix element a2,1)

showed indications of selection acting to reduce a2,1 variance. Accordingly, the Columbian

ground squirrel was positioned close to the buffered end of the variance continuum in step

1. Hence, the Columbian ground squirrel was the sole species with consistent evidence of

buffering across all three steps of the framework.

The Soay sheep (Ovis aries) was the species furthest from the buffered end of the

variance continuum that enabled to perform steps 2 and 3. For the Soay sheep, remaining

in the third age class (matrix element a3,3) has the major influence on λ1 and is under

selection pressure to have its variance increased. The latter characteristics reveal potential

conditions for lability even though the species is placed closer to the buffered end of the

variance continuum.
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Steps 2 and 3 illustrate the importance of examining buffering evidence on the

within-populations level. These two steps of the framework identify the simultaneous

acting of concave and convex selection on different demographic processes within a single

life cycle. In polar bear (Ursus maritimus), the key demographic process (matrix element

a4,4) is under convex selection, as depicted by a yellow square with a white dot in Fig.

3.3. However, the demographic process with the second highest elasticity value (matrix

element a5,4) is under strong concave selection (depicted by a light green square with a

black dot in Fig. 3.3).

By adding step 3 to the framework, another important information was accessed.

The high absolute values of self-second derivatives (large dots, either black or white,

Fig. 3.3) indicate where the sensitivity of λ1 to demographic parameters is itself prone

to environmental changes. For instance, if the value of a5,4 for polar bear increased, the

sensitivity of λ1 to a5,4 would decrease because the self-second derivative of a5,4 is highly

negative (depicted by the largest black dot in polar bear MPM). Vice versa holds for

the a4,4 demographic process, where an increase in the value of a4,4 would increase λ1’s

sensitivity to a4,4, because the self-second derivative of a5,4 is highly positive (depicted

by the largest white dot in polar bear MPM). Thus, sensitivities (or equally elasticities) of

demographic processes with high absolute values for self-second derivatives can easily

change.
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Figure 3.3: Results from steps 2 and 3 of the proposed framework. The 16 plots represent
elasticity and self-second derivative values for age-structured animal MPMs. The color
scale represents elasticity values for each demographic process in the MPM, where yellow
represents high and blue low elasticity values. No color means elasticity=0. Since step 2 is
a within-population level comparison, each plot has its own scale (see end of legend). The
black dots represent negative self-second derivatives of λ1 - thus concave selection - and the
white dots represent positive self-second derivatives of λ1 - thus convex selection. The dot
sizes are scaled by the absolute value of self-second derivatives, where the smaller the dot, the
closer a self-second derivative is to 0, indicting weak or no nonlinearity. Large dots indicate
strong nonlinear selection forces. For the range of elasticity and self-second derivative values
represented within each plot, see Table 3.1.
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Table 3.1: Elasticity and self-second derivative values for 16 animal species.

Common name Species Elasticity (min, max) Self-second derivative (min, max)

Blue monkey Cercopithecus mitis 0.00, 0.52 -1.25, +1.27
Columbian ground squirrel Urocitellus columbianus 0.00, 0.23 -1.48, +0.01

Eastern chimpanzee Pan troglodytes 0.00, 0.60 -4.39, +2.59
Human Homo sapiens 0.00, 0.18 -0.15, +0.08

Killer whale Orcinus orca 0.00, 0.50 -5.72, +3.43
Moose Alces alces 0.00, 0.55 -0.66, +0.36

Mountain gorilla Gorilla beringei 0.00, 0.81 -1.46, +0.28
Northern muriqui Brachyteles hypoxanthus 0.00, 0.72 -1.17, +0.35

Olive baboon Papio cynocephalus 0.00, 0.54 -0.57, +1.13
Polar bear Ursus maritimus 0.00, 0.26 -0.73, +0.54

Rhesus macaque Macaca mulatta 0.00, 0.51 -0.54, +0.71
Root vole Microtus oeconomus 0.00, 0.86 -2.54, +0.22

Soay sheep Ovis aries 0.00, 0.56 -0.22, +0.40
Tammar wallaby Macropus eugenii 0.00, 0.55 -0.64, +0.34
Verreaux’s sifaka Propithecus verreauxi 0.00, 0.66 -2.66, +1.21

White faced capuchin monkey Cebus capucinus 0.00, 0.77 -1.03, +0.32

3.5 Discussion

In the Anthropocene, identifying and quantifying mechanisms of species responses to

stochastic environments holds crucial importance. This importance is particularly tangible

in the context of the unprecedented environmental changes and uncertainties that impact

the dynamics and persistence of natural populations (Boyce et al., 2006). Correlational

demographic analysis, whereby the importance of demographic processes and their

temporal variability is examined (Pfister, 1998), has attempted to identify how species

may buffer against the negative effects of environmental stochasticity. However, these

widely used approaches have important limitations (see Introduction and Hilde et al.,

2020). Our novel framework overcomes said limitations by providing a rigorous approach

to quantify demographic buffering (Hilde et al., 2020; Pfister, 1998).

Evidencing demographic buffering is not straightforward. Indeed, through the

analysis of stochastic population growth rate (λs) in our application of the framework

to 44 populations of 38 species, we identify the highest density of natural populations

near the buffered end of the variance continuum (step 1). However, we show that

the same species then fail to exhibit signs of concave (∩-shaped) selection on the key

demographic parameters when further analyses are performed averaging the variation

across the duration of each study (steps 2 and 3). This finding confirms that placing the
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species near the buffered end of the variance continuum is necessary but not sufficient to

diagnose demographic buffering. Indeed, buffering occurs when concave selection forces

act on the key demographic parameter (Caswell, 1996b, 2001; Shyu & Caswell, 2014).

Combining the three steps into a unified framework is of utmost importance. In

steps 2 and 3 of the framework, we find relatively limited overall evidence of buffering

in the examination of our 16 (out of 38 in step 1) studied animal species. Step 3 of

our framework reveals that the role of natural selection shaping temporal variation in

demographic processes is more complex than expected. Indeed, demographic processes

within our study populations are often under a mix of convex and concave selection. This

mix of selection patterns was already suggested by Doak et al. (2005). Here, only two

out of 16 mammal species revealed concave selection acting on the key demographic

processes [the Columbian ground squirrel (Urocitellus columbianus) and humans (Homo

sapiens sapiens)]. These two species were also placed near the buffered end of the

variance continuum, therefore meeting all the necessary conditions to diagnose buffering.

However, finding 12.5% (two out of 16) species that meet the criteria for demographic

buffering is not in concordance with previous studies. Evidence of buffering has been

reported across 22 ungulate species (Gaillard & Yoccoz, 2003). In the one ungulate we

examined, the moose (Alces alces), we find only partial support for buffering in adult

survival, since this species is placed near the buffered end of the variance continuum in

step 1 but does not show concave selection pressures on adult survival in step 2/3, as

would be necessary to confirm the occurrence of buffering.

Our overall findings reveal varying levels of support for the notion that adult

survival in long-lived species tends to be buffered. Indeed, Gaillard et al. (1998) found that

adult female survival varied considerably less than juvenile survival in large herbivores.

This finding was also supported by further studies in ungulates and small rodents (Gaillard

& Yoccoz, 2003), turtles (Heppell, 1998), vertebrates and plants (Pfister, 1998), and more

recently across nine (out of 73) species of plants (McDonald et al., 2017).

When placing our study species along a variance continuum (step 1), primates

tend to be located on the buffered end. However, most primates displayed convex
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–instead of the expected concave– selection on adult survival. Similar results, where

the key demographic process failed to display constrained temporal variability, have

been reported for long-lived seabirds (Doherty et al., 2004). One explanation for the

unexpected convex selection on adult survival involves trade-offs, as suggested by (Doak

et al., 2005). When two demographic parameters are negatively correlated, the variance

of population growth rate (λ) can be increased or decreased (Compagnoni et al., 2016;

Evans & Holsinger, 2012). The well-established trade-off between survival and fecundity

(Roff & Fairbairn, 2007; Stearns, 1992) might explain the observed deviation of our

results. Because variation in primate recruitment is already constrained by physiological

limitations (Campos et al., 2017), when adult survival and recruitment are engaged

in a trade-off, this trade-off might lead to our unexpected result. Correlations among

demographic processes inherently influence the biological limits of variance (Haridas &

Tuljapurkar, 2005). This is because the magnitude of variation in a demographic process

is constrained by other demographic processes that also exert an influence on it. Here,

future studies may benefit from deeper insights via cross-second derivatives (Caswell,

1996b, 2001) to investigate correlations among demographic processes.

Examining the drivers of demographic buffering has become an important piece

of the ecological and evolutionary puzzle of demography. As such, quantifying buffering

can help us better predict population responses to environmental variability, climate

change, and direct anthropogenic disturbances (Boyce et al., 2006; McDonald et al.,

2017; Pfister, 1998; Vázquez et al., 2017). By setting demographic buffering into a

broader and integrated framework, we hope to enhance comprehension and prediction

of the implications of heightened environmental stochasticity on the evolution of life

history traits. This understanding is crucial in mitigating the risk of extinction for the

most vulnerable species.
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3.7 Supplementary materials

Table 3.2: Metadata used in step 1 of our framework and the respective results presented in the
main text, using COMADRE version 3.0.0.

Species author (COMADRE) Species Common name Order # matrices λs
∑

Eσ2

aij

Homo_sapiens_subsp._sapiens Homo sapiens sapiens Human Primates 26 1.064 −3.132 × 10−3

Alces_alces Alces alces Moose Artiodactyla 14 1.205 −7.469 × 10−4

Antechinus_agilis Antechinus agilis Agile antechinus Dasyuromorphia 3 0.931 −1.123 × 10−1

Bos_primigenius Bos primigenius Cattle Artiodactyla 8 1.003 −3.743 × 10−3

Brachyteles_hypoxanthus Brachyteles hypoxanthus Northern muriqui Primates 25 1.051 −4.227 × 10−5

Callospermophilus_lateralis Callospermophilus lateralis Golden-mantled ground squirrel Rodentia 9 2.052 −6.429 × 10−2

Cebus_capucinus Cebus capucinus White faced capuchin monkey Primates 18 1.021 −1.761 × 10−4

Cercopithecus_mitis Cercopithecus mitis Blue monkey Primates 28 1.036 −4.287 × 10−5

Cervus_canadensis_subsp._nelsoni Cervus canadensis Rocky Mountain elk Artiodactyla 10 1.107 −8.814 × 10−3

Eumetopias_jubatus Eumetopias jubatus Northern sea lion; Steller sea lion Carnivora 4 0.904 −4.704 × 10−3

Felis_catus Felis catus Feral cat Carnivora 3 1.948 −1.370 × 10−1

Gorilla_beringei Gorilla beringei Mountain gorilla Primates 41 1.027 −5.222 × 10−5

Hippocamelus_bisulcus Hippocamelus bisulcus Huemul deer Artiodactyla 3 0.996 −1.937 × 10−3

Leopardus_pardalis Leopardus pardalis Ocelot Carnivora 4 1.086 −3.520 × 10−4

Lepus_americanus Lepus americanus Snowshoe hare Lagomorpha 5 0.812 −2.501 × 10−1

Lycaon_pictus Lycaon pictus African wild dog Carnivora 3 1.500 −9.781 × 10−2

Macaca_mulatta_3 Macaca mulatta Rhesus macaque Primates 24 1.127 −3.977 × 10−4

Macropus_eugenii Macropus eugenii Tammar wallaby Diprotodontia 15 0.981 −1.389 × 10−2

Marmota_flaviventris_2 Marmota flaviventris Yellow-bellied marmot Rodentia 8 0.890 −8.145 × 10−3

Marmota_flaviventris_3 Marmota flaviventris Yellow-bellied marmot Rodentia 8 0.921 −6.662 × 10−3

Microtus_oeconomus Microtus oeconomus Root vole Rodentia 28 1.028 −7.665 × 10−4

Mustela_erminea Mustela erminea Stoat Carnivora 4 1.258 −3.089 × 10−1

Orcinus_orca_2 Orcinus orca Killer whale Cetacea 50 0.999 −6.508 × 10−4

Ovis_aries_2 Ovis aries Soay sheep Artiodactyla 6 1.099 −3.445 × 10−2

Pan_troglodytes_subsp._schweinfurthii Pan troglodytes Eastern chimpanzee Primates 45 0.982 −3.614 × 10−4

Papio_cynocephalus Papio cynocephalus Olive baboon Primates 37 1.054 −1.858 × 10−4

Peromyscus_maniculatus_2 Peromyscus maniculatus Deer mouse Rodentia 4 1.107 −9.551 × 10−3

Phascolarctos_cinereus_2 Phascolarctos cinereus Koala Diprotodontia 4 1.064 −2.658 × 10−3

Phocarctos_hookeri Phocarctos hookeri New Zealand sea lion Carnivora 16 1.023 −3.984 × 10−3

Propithecus_verreauxi Propithecus verreauxi Verreaux’s sifaka Primates 24 0.986 −3.076 × 10−4

Puma_concolor_8 Puma concolor Cougar Carnivora 15 1.115 −1.391 × 10−1

Rattus_fuscipes Rattus fuscipes Bush rat Rodentia 3 1.305 −2.500 × 10−1

Spermophilus_armatus Urocitellus armatus Uinta ground squirrel Rodentia 6 1.125 −1.533 × 10−2

Spermophilus_armatus_2 Urocitellus armatus Uinta ground squirrel Rodentia 6 1.095 −2.017 × 10−2

Spermophilus_columbianus Urocitellus columbianus Columbian ground squirrel Rodentia 6 1.009 −4.323 × 10−2

Spermophilus_columbianus_3 Urocitellus columbianus Columbian ground squirrel Rodentia 6 1.200 −3.669 × 10−3

Ursus_americanus_subsp._floridanus Ursus americanus Florida black bear Carnivora 4 1.020 −2.795 × 10−3

Ursus_arctos_subsp._horribilis_5 Ursus arctos Grizzly bear Carnivora 7 1.026 −1.311 × 10−3

Ursus_maritimus_2 Ursus maritimus Polar bear Carnivora 5 0.941 −1.686 × 10−2

Brachyteles_hypoxanthus_2 Brachyteles hypoxanthus Northern muriqui Primates 25 1.111 3.193 × 10−6

Cebus_capucinus_2 Cebus capucinus White-faced capuchin monkey Primates 22 1.059 −1.216 × 10−4

Chlorocebus_aethiops_2 Chlorocebus aethiops Vervet Primates 8 1.187 −6.141 × 10−2

Erythrocebus_patas Erythrocebus patas Patas monkey Primates 9 1.128 −4.878 × 10−2

Gorilla_beringei_subsp._beringei Gorilla beringei Mountain gorilla Primates 41 1.053 −7.921 × 10−5



Not only in research, but also in the everyday world of
politics and economics, we would all be better off if
more people realised that simple nonlinear systems do
not necessarily possess simple dynamical properties.

— Robert May (1976)
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4.1 Abstract

Environmental stochasticity is a key determinant of population viability. Decades

of work exploring how environmental stochasticity influences population dynamics

have highlighted the ability of some natural populations to limit the negative effects of

environmental stochasticity, one of these strategies being demographic buffering. Whilst

various methods exist to quantify demographic buffering, we still do not know which

environment factors and demographic processes are most responsible for the demographic

buffering observed in natural populations. Here, we introduce a framework to quantify the

relative effects of three key drivers of demographic buffering: environment components

(e.g., temporal autocorrelation and variance), population structure, and demographic rates

(e.g., progression and fertility). Using Integral Projection Models, we explore how these

drivers impact the demographic buffering abilities of three plant species with different

life histories and demonstrate how our approach successfully characterises a population’s

capacity to demographically buffer against environmental stochasticity in a changing

world.

4.2 Introduction

Understanding how populations minimise the negative effects of environmental stochas-

ticity is central to ecology and evolution (Sutherland et al., 2013). A key prediction

of life history theory is that increases in the temporal variance of demographic rates

(e.g., rates of progression, stasis, retrogression and fertility) lead to reductions in a

population’s stochastic growth rate (λs) (Tuljapurkar, 1982, 1989). In extreme cases, this

demographic rate variance can lead to local extinction (Bull et al., 2007; Lennartsson

& Oostermeijer, 2001; May, 1973; Melbourne & Hastings, 2008; Sæther et al., 1998).
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Critically, environmental stochasticity, a key driver of demographic rate variance (Jonge-

jans et al., 2010), is projected to change across the globe due to climate change (Bathiany

et al., 2018; Cecco & Gouhier, 2018; Lewis & King, 2017; Masson-Delmotte et al.,

2021; Shen et al., 2011; Urban, 2015). Therefore, understanding the environmental

drivers and demographic mechanisms influencing the relationship between environmental

stochasticity and population dynamics is both important and timely.

Three key considerations are needed to relate demographic rate variance to

population dynamics. First, there are limits to the amount of variance that demographic

rates can exhibit without driving a population to local extinction (Arthreya & Karlin, 1971;

May, 1973). Second, the negative effects of demographic rate variance on population

growth are exacerbated when the environmental drivers impact the demographic rate(s) of

highest importance (i.e., sensitivity) to λs. However, the negative effect of demographic

rate variance on λs 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. For example, demographic compensation may

occur if instances of low adult survival happen concurrently with high adult reproduction,

or vice versa (Sheth & Angert, 2018). Third, environment-demographic rate reaction

norms can moderate the relationship between demographic rate variance and λs (Bruijning

et al., 2020; King & Hadfield, 2019). Following Jensen’s inequality (Jensen 1906), convex

(∪-shaped) environment-demographic rate reaction norms result in a positive effect of

demographic rate variance on λs, whereas concave (∩-shaped) reaction norms lead to

a negative effect (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 (Sæther et al., 2013; Tuljapurkar et al., 2009a),

conservation biology (Foley, 1994; Higgins et al., 2000), and agriculture science (Lande

et al., 1997; Mack, 2000). However, these three considerations alone do not allow us to

quantify a population’s ability to accommodate demographic rate variance; demographic

buffering does.
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Quantifying demographic buffering in natural populations has been a dynamic

area of study in recent decades. The field has moved from regression-based approaches,

where the deterministic elasticities (or sensitivities) of λ with respect to demographic rates

are regressed against the coefficient of variation (or variance) of demographic rates (Pfister,

1998; Morris & Doak, 2004; Hilde et al., 2020), to a derivative-based approach that uses

the summation of stochastic elasticities of variance,
∑

Eσ2

ai j
, as a measure of demographic

buffering (Santos et al., 2023; Wang et al., 2023). This shift toward
∑

Eσ2

ai j
offers a more

holistic perspective on demographic buffering – taking the whole life history into account

rather than individual elements (i.e., demographic rates). Despite important insights

(McDonald et al., 2017), the regression-based approach have important limitations, such

as being confounded by the life cycle’s complexity, the lack of standardized methods

(Hilde et al., 2020), and difficulty in clear-cut interpretations (Santos et al., 2023).

Using the summation of stochastic elasticities of variance, one can explore the

environmental drivers and demographic mechanisms behind demographic buffering. This

insight is possible because
∑

Eσ2

ai j
quantifies the proportional contribution of demographic

rate variance to λs (Haridas & Tuljapurkar, 2005; Tuljapurkar et al., 2003) and, con-

sequently, directly quantifies degree of demographic buffering. In practice,
∑

Eσ2

ai j
is

always negative. The reason
∑

Eσ2

ai j
is negative stems from the impact of environmental

stochasticity always reducing λs relative to the mean environment1. Whilst researchers

have previously used
∑

Eσ2

ai j
to quantify demographic buffering (Dalgleish et al., 2010;

Morris et al., 2008), we still do not know how different environment components

(i.e., temporal autocorrelation and variance), population structure (i.e., distribution of

individuals in a population according to states, such as age, stage and/or size), and

different demographic rates (i.e., state-specific transition probabilities or reproductive

contributions between time t and t + 1) impact
∑

Eσ2

ai j
.

1The negative impact of environmental stochasticity on population growth is equivalent to the geometric
mean – arithmetic mean inequality (i.e., the geometric mean for a set of random variables is always less
than or equal to the set’s arithmetic mean) but for a structured system. In this case, the geometric mean is
λs which is always less than the population growth rate associated with the mean environment (λ1) due to
the negative impact of environmental stochasticity – which can be quantified as

∑
Eσ2

ai j
.
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Here, we test the effects of the environment components, population structure

and demographic rates on the ability of natural populations to remain demographically

buffered. We use environment-explicit stochastic integral projection models (IPMs)

(Easterling et al., 2000; Ellner et al., 2016) for three perennial plant species from the

PADRINO database (Levin et al., 2022) to test two hypotheses. We expect that: (H1)

environment autocorrelation and variance will have negative effects on
∑

Eσ2

ai j
. Specifically,

as environments become more variable and positively autocorrelated, populations will

become less buffered as predicted by Tuljapurkar (1982, 1989) small-noise approximation.

(H2) Environmental autocorrelation and variance influence
∑

Eσ2

ai j
via different demo-

graphic mechanisms. Specifically, we expect that: (H2a) environmental autocorrelation

influences
∑

Eσ2

ai j
via its impact on population structure (i.e., the proportion of individuals

in each size-class) across timesteps. We base this prediction on the fact that the impact of

environmental autocorrelation on population dynamics can be quantified by the degree to

which the sequence of environments shifts the population from its long-term mean stable

state structure (Tuljapurkar & Haridas, 2006). Briefly, the rationale behind this expectation

can be simplified by acknowledging that the commutative property of multiplication that

applies to unstructured systems (e.g., 2 × 1 = 1 × 2) does not apply to structured systems

(e.g., A×B , B×A, where A and B are matrices of size > 1×1). In turn, since the structure

of the population is encoded into the population state distributions, we hypothesize that

the impact of environmental autocorrelation on
∑

Eσ2

ai j
is strongly mediated by population

structure. Similarly, we expect (H2b) environment variance to influence
∑

Eσ2

ai j
via the

populations’ underlying demographic rates. This prediction also follows Tuljapurkar’s

small-noise approximation (Tuljapurkar, 1982, 1989), where the impact of environment

variance can be approximated by the summed product of the variance and sensitivities of

individual demographic rates.
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4.3 Methods

4.3.1 Stochastic integral projection models

To explore the drivers of demographic buffering, we used integral projection models

(IPMs). IPMs are discrete time population models (i.e., they project populations across

well-defined intervals of time from t to t+1) that are structured with respect to a continuous

variable (Easterling et al., 2000; Ellner et al., 2016). To investigate the environmental

drivers and demographic mechanisms that impact degrees of demographic buffering in

natural populations, we used environment explicit, parameter-stochastic IPMs for the

temperate deciduous shrub Berberis thunbergii (Merow et al., 2017) and the tropical

herbaceous perennials Calathea crotalifera (Westerband & Horvitz, 2017) and Heliconia

tortuosa (Westerband & Horvitz, 2017), extracted from the PADRINO IPM database

(Levin et al., 2022). The chosen model structure allows us to individually influence

regression parameters that underpin the IPM subkernels (i.e., the survival P- and fertility

F-subkernels) based on the environment conditions to test our hypotheses.

We chose these three published IPMs to compare the roles of environmental

parameters and λs on
∑

Eσ2

ai j
) to gain some generality. The B. thunbergii IPM uses five

environmental parameters to build its kernels: mean temperature during warmest month,

mean May precipitation, photosynthetically active radiation (PAR), soil nitrogen, and

soil pH. The C. crotalifera and H. tortuosa IPMs use two environmental parameters

to define their kernels: canopy openness and photosynthetic rate. The kernel structure

and parameters used in vital rate regressions for B. thunbergii, C. crotalifera and H.

tortuosa are detailed in Appendices A.1, A.2 and A.4, respectively. Furthermore, the

models inhabit different domains of λs. The models of B. thunbergii and H. torutosa

have values of λs > 1 (B. thunbergii: λs = 1.378; H. tortuosa: λs = 1.367), implying

long-term population growth, C. crotalifera has a λs < 1 (λs = 0.976), describing long-

term population decline (Fig. 4.1). This combination of environmental parameters and

λs values across the three species offers a unique opportunity for the exploration of

demographic buffering in variable environments. Since C. crotalifera and H. torutosa

have the same environmental parameters and B. thunbergii and H. tortuosa have highly
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similar λs values, our study allows an exploration of demographic whilst mitigating the

potential confounds of environmental parameters and λs. In turn, these three species are

well suited to examine possible impacts of environmental parameters and λs on
∑

Eσ2

ai j

across the autocorrelation – proportional variance parameter space.
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Figure 4.1: Distribution of λs from simulations across the environmental autocorrelation
– variance parameter space. The red dashed line represents a population that stays stable
when projected across time steps (i.e., λs = 1). Values distributed to the left of the red dashed
line represent populations who will asymptotically decline in number across time steps (i.e.,
λs < 1), whilst values distributed to the right of the red dashed line represent populations that
will asymptotically increase across time steps (i.e., λs > 1).

4.3.2 Simulation methodology

To explore the roles of (H1) environmental drivers as well as (H2a) population structure

and (H2b) demographic rates on demographic buffering, we simulated IPMs across the

environmental autocorrelation – variance parameter space. In this simulation, all combi-

nations of stochastic environmental parameters, with autocorrelation ranging from -0.8 to

0.8 and proportional variance ranging from 0.9 (10% less variance in the environment

than the IPM in PADRINO) to 1.1 (10% more variance in the environment that the IPM

in PADRINO) were generated for all environmental parameters. B. thunbergii had five

environmental parameters, whilst C. crotalifera and H. tortuosa had two environment

parameters (Fig. 4.2a,b). We used these sequences of environmental parameters to

construct the time series of 1,000 IPM kernels from which we then estimated λs (Eq.

4.1, the geometric mean of changes in population size across timesteps). Specifically, to

calculate λs: (1) a population of random structure was initialized, whereby the proportion

of individuals of a given size class was generated from a uniform distribution ranging

between the upper and lower limits of the IPMs (see Appendices A.1, A.2 and A.4), (2)
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the population was then multiplied through the series of 1,000 parameter-stochastic IPM

kernels, and (3) population sizes from timestep 200 to 1,000 were used to calculate λs

following the equation:

λs = exp
(
E

[
ln

(
Nt+1

Nt

)])
(4.1)

We omitted the first 200 projections from our calculation of λs to discard transient

dynamics effects on short-term population size distributions (McDonald et al. 2016).

Figure 4.2: An overview of the simulation and analysis structure implemented to examine
the impacts of climate drivers on natural populations. In our simulations, we explored
how a population’s measure of demographic buffering changes over the parameter space of
possible environmental autocorrelation and variance values. (a) This space is visualized here
across a 2D surface with environment autocorrelation on the x-axis and proportional 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 is 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) The impact of environmental autocorrelation
and variance on a response variable (e.g., degree of demographic buffering or a measure of
population structure) is 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 retained to calculate the summed linear and non-linear contribution of each predictor and
the residuals towards the variance in the response variable.
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4.3.3 Generating environmental time series

To explore the environmental drivers of demographic buffering (H1), we manipulated the

temporal autocorrelation and variance of environmental variables in our environmentally

explicit stochastic IPMs. Whilst the effects of variance of demographic rates and environ-

mental variables on population dynamics are commonly researched in population ecology

(Le Coeur et al., 2022; Drake, 2005; Jackson et al., 2022), temporal autocorrelation in

environmental variables is much less explored despite temporal autocorrelation having

broad impacts on population dynamics (Evers et al., 2023; Petchey, 2000; Petchey et al.,

1997; Smallegange et al., 2014), life histories (Paniw et al., 2018; Vinton et al., 2023) and

evolution (Vinton et al., 2022; Wieczynski et al., 2018). To fill this gap in knowledge, we

used a first-order autoregressive function to generate the sequence of environment values

used to build the series of IPM kernels. Here, φ represents the degree of autocorrelation

across time steps whilst, ϵt+1 represents white noise (i.e., random draws from a normal

distribution, ϵ ∼ N(0, 1)).

Xt+1 = φ Xt + ϵt+1 (4.2)

Subsequently, to coerce the autocorrelated series (X) to realistic values for the vital

rate regressions that build the IPMs (shown in Appendices A.1, A.2 and A.4), the final

sequence of environment values was to a desired mean (µ) and variance (σ2) of the

simulated environment:

environment =
 √σ2 [X −mean(X)]

√
var(X)

 + µ (4.3)

As our objective is not to evaluate the effect of shifts in mean environment values on

demographic buffering but rather to examine the impacts of variance and autocorrelation,

µ values were kept constant across simulations, whilst σ2 values varied across simulations.

Since the environment variables across the three species have different variances (σ2
init.),

to standardize the increase/decrease in environment variance across parameters, we

manipulated variances proportional to their variances coded in the PADRINO database

(σ2
prop.) (Levin et al., 2022).

σ2 = σ2
init. σ

2
prop. (4.4)
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Generating these environment time series subsequently creates a parameter space of

environmental stochasticity with axes of temporal autocorrelation and proportional

variance. It is worth noting that this parameter space does not represent a realized

scenario in nature – as environmental variables do not vary (even proportionally) to the

same degrees and conditions of positive and negative autocorrelation are not equally

likely for our populations of interest. The purpose of this parameter space is to manipulate

the degrees of environmental stochasticity across two-axes to inform how demographic

buffering responds in a changing world.

4.3.4 Analysing the effects of environmental autocorrelation and
variance

To explore the effects of environment components on each species’ ability to remain

demographically buffered (H1,2), we constructed a suite of linear models using autocor-

relation and proportional variance as predictors whilst also including an autocorrelation

× proportional variance as an interaction term. Furthermore, since the impact of auto-

correlation and proportional variance on demographic buffering may be nonlinear, we

also constructed models using the quadratic and cubic forms of proportional variance

and autocorrelation as predictors. To select the most appropriate model to describe the

data, we used model comparison based on AIC (see the supplementary methods for the

full analysis pipeline and Tables S1-12 for a full AIC break down). After selecting the

most parsimonious model, we calculated the proportion of variance in
∑

Eσ2

ai j
that can be

explained by the full model (R2) along with the summed contributions of autocorrelation,

proportional variance, autocorrelation × proportional variance and residuals (Fig. 4.1c).

These contributions were calculated by taking the sum of squares associated with each

predictor and dividing them by the total sum of squares associated with the selected

model.

4.3.5 Perturbation analyses to quantify
∑

Eσ2

ai j

To quantify the degree of demographic buffering across our simulations (testing H1,2),

we calculated the summation of stochastic elasticities of variance of demographic rates



62 4.3. Methods

with respect to λs. We estimated this variable,
∑

Eσ2

ai j
, numerically. Whilst the K-kernel of

an IPM is defined as a continuous density function that projects a continuously structured

population across discrete time steps, in practice we discretise the kernel into a matrix

notated as A (Easterling et al., 2000; Ellner et al., 2016). Since A is composed of

individual matrix elements (ai j, representing both the survival-dependent changes of

individuals from stage j to stage i and the per-capita contributions of individuals in stage j

to stage i across timesteps) and our stochastic environment generates a temporal sequence

of A matrices, we can quantify the temporal variance of each ai j element in the series

of A matrices [i.e., var(ai j)]. In turn, we numerically calculate
∑

Eσ2

ai j
by perturbing the

temporal variance of each matrix element (ai j) from our IPMs individually by 0.00001

proportionate (elasticity) to the unperturbed temporal variance of that matrix element2.

After perturbation of the matrix element, we calculated a perturbed stochastic population

growth rate associated with the perturbed element ai j (λ∗ai j
s ). The summation of these

weighted differences in λs and λ∗ai j
s yields

∑
Eσ2

ai j
.

∑
Eσ2

ai j
=

∑[
var(ai j)
λs

×
λ
∗ai j
s − λs

0.00001 × var(ai j)

]
(4.5)

To calculate the impact of demographic rates on demographic buffering (H2b), we

perturbed the subkernels that describe survival-dependent changes in size (P) 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 demographic rates to calculate their relative contributions: P – F contribution. Positive

(negative) values of P – F contribution indicate relative variance in rates of survival-

dependent changes in size are more (less) impactful on λs than relative variance in rates

of fertility.

4.3.6 Quantifying the impact of population structure on
∑

Eσ2

ai j

To analyse how population structure influences demographic buffering (H2a), we used

two numerical approaches. Whilst methods exist to analytically measure the impact of

population structure on asymptotic properties of population dynamics (Tuljapurkar &
2It is worth noting that performing the perturbation at the level of demographic rate variances vs.

standard deviations (as in Morris et al., 2008) does not affect the patterns as log(σ2) = 2log(σ).
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Lee, 1997), currently there are no analytical approaches to quantify the degree to which

multiple environment components influence
∑

Eσ2

ai j
via population structure. In turn,

we use two measures of population structure using a regression-based approach and an

estimate-based approach. These approaches numerically link the impact of environmental

autocorrelation and variance on
∑

Eσ2

ai j
via population structure. Importantly, using

these two approaches to investigate H2a allows us to cross-validate outputs (i.e., the

hypothesized result of environmental autocorrelation impacting
∑

Eσ2

ai j
via shifts in

population structure).

The regression-based approach involved examining deviances from stationary

distributions. To do so, we first quantified the expected buffering value (
∑

Eσ2

ai j
|ASD)

of individuals in the population. This expected buffering value is simply calculated as

the weighted average of the buffering value associated with each stage (
∑

j Eσ2

ai j
) and

the proportion of individuals in that stage, relative to the population’s average size

distribution (ASD). To determine the population’s average size distribution for a given

environment, we iterated 1,000 randomly generated size distributions through the series

of stochastic kernels and retained the mean of all size distributions across time steps 200

to 1,000. Burning in the first 200 timesteps mitigates the impact of transients on the ASD.

After calculating the values of
∑

Eσ2

ai j
|ASD across the parameter space of environmental

autocorrelation and variance, we quantified the degree to which variance in expected

buffering values, deviated from variances in
∑

Eσ2

ai j
. To quantify these differences, we

extracted the residuals from the
∑

Eσ2

ai j
|ASD ∼

∑
Eσ2

ai j
regression where both

∑
Eσ2

ai j
|ASD

and
∑

Eσ2

ai j
are scaled (mean = 0, standard deviation = 1). Deviances of

∑
Eσ2

ai j
|ASD ∼∑

Eσ2

ai j
from a 1-to-1 line (i.e., the existence of residuals from this regression) indicates

shifts in population structure may be influencing
∑

Eσ2

ai j
. Subsequently, regressing these

residuals against the environment components allows us to implicate an environment

component – hypothesized to be environmental autocorrelation [H2a] – as driving the

impact of population structure on
∑

Eσ2

ai j
.

The estimate-based approach involved calculating the mean of the distribution

of demographic buffering across a life history, termed mean buffered size. Calculating
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mean buffered size allows us to explore if the degree of buffering across a life history is

shifted towards smaller or larger sizes across the environmental autocorrelation – variance

parameter space. To calculate this mean buffered size, we calculated the relative size [i.e.,

0 = smallest possible size (α) and 1 = maximum possible size (ω)] that corresponds to the

centre of the distribution of
∑

Eσ2

ai j
across the domain of sizes (Eq. 4.6). This calculation

mirrors the method of calculating generation time as the mean age of reproductive

individuals in the population (Ebert, 1999).

mean buffered size =
1
ω


∑

j

[
j
∑

i Eσ2

ai j

]
∑

Eσ2
ai j

− α

 (4.6)

After calculating the mean buffered size for each species across the environmental

autocorrelation – variance parameter space, we regressed mean buffered size against

the environment components to test our hypothesis that environmental autocorrelation

influences
∑

Eσ2

ai j
via shifts in population structure (H2a).

4.4 Results

4.4.1 Testing H1: Environmental variance is the primary driver of
demographic buffering

Here we tested the hypothesis that environmental autocorrelation and variance have

negative effects on demographic buffering as quantified via
∑

Eσ2

ai j
(H1). To do so, we ran

simulations of the Berberis thunbergii, Calathea crotalifera and Heliconia tortuosa IPMs

across the domain of autocorrelation and proportional variance values and calculated∑
Eσ2

ai j
. We found environmental variance to be the primary driver of variance in

∑
Eσ2

ai j

(Fig. 4.3). The summed contributions of proportional variance accounted for 94% of the

variance of
∑

Eσ2

ai j
in B. thunbergii (R2 = 0.99, Table S1, Fig. 4.3a), 85% of the variance of∑

Eσ2

ai j
in C. crotalifera (R2 = 0.89, Table S2, Fig. 4.3b) and 83% of the variance of

∑
Eσ2

ai j

in H. tortuosa (R2 = 0.89, Table S3, Fig. 4.3c). Supporting our hypothesis, environment

variance had a negative effect on
∑

Eσ2

ai j
(see models for B. thunbergii, C. crotalifera, and

H. tortuosa in Tables S1-3). However, we did not find evidence for a negative effect of

environmental autocorrelation on
∑

Eσ2

ai j
. Instead, all species were best modelled when
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the quadratic and cubic forms of autocorrelation were used as predictors of
∑

Eσ2

ai j
without

the inclusion of a linear effect of autocorrelation. This finding indicates the impact

of autocorrelation on
∑

Eσ2

ai j
is non-linear across the environmental autocorrelation and

variance parameter space.

Figure 4.3: Environmental variance (σ2) 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

∑
Eσ2

ai j
.

Populations of all three species become relatively less buffered (lower values of
∑

Eσ2

ai j
, in

purple) as proportional variance of environment components increase, whilst populations
become relatively more buffered (higher values of

∑
Eσ2

ai j
, in green) as environmental variance

decreases. This strong impact of proportional variance of environment components is
summarized in the pie charts detailing the proportion of variance in

∑
Eσ2

ai j
that can be explain

by the environment components: environmental autocorrelation in orange, environmental
variance in blue, environmental autocorrelation × variance interaction in grey (so small here
it is not visible), and unexplained residuals in white. Since the pie charts are predominantly
blue across all three species, variance in environment components is the primary driver of∑

Eσ2

ai j
across the environmental autocorrelation – variance parameter space.

4.4.2 Testing H2a: Temporal autocorrelation influences demographic
buffering via population structure

We used two approaches to test the hypothesis that temporal autocorrelation influences

demographic buffering via shifts in population structure (H2a). First, we used a measure of

demographic buffering that accounts for population structure (
∑

Eσ2

ai j
|ASD) and regressed

that against our normal measure of demographic buffering
∑

Eσ2

ai j
. Second, we measured

the shifts in the distribution of buffering across the life history in response to environment

components.
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In our first approach, we regressed scaled values of
∑

Eσ2

ai j
across all simulations

against their respective
∑

Eσ2

ai j
normalized by simulation specific stable size distribution

(
∑

Eσ2

ai j
|ASD). Since both values are scaled to mean = 0 with standard deviation = 1,

any deviation of
∑

Eσ2

ai j
|ASD ∼

∑
Eσ2

ai j
from the 1-to-1 regression line indicates temporal

shifts in population structure may impact demographic buffering. Interestingly, we found

heterogeneity in the degree to which
∑

Eσ2

ai j
|ASD differed from

∑
Eσ2

ai j
across species.

Whilst C. crotalifera reported a 1-to-1 regression line between
∑

Eσ2

ai j
|ASD and

∑
Eσ2

ai j

(R2 = 1.000, Fig. 4.4d), B. thunbergii and H. tortuosa had residuals (B. thunbergii: R2

= 0.9977, Fig. 4.4a; H. tortuosa: R2 = 0.9995, Fig. 4.4g). These residuals indicate that

population structure may influence
∑

Eσ2

ai j
, specifically in B. thunbergii and H. tortuosa.

To determine if environment autocorrelation is driving these residuals, we

modelled the residuals of the
∑

Eσ2

ai j
|ASD ∼

∑
Eσ2

ai j
regression against environmental

autocorrelation and variance. Supporting our hypothesis (H2a), we found the residuals of

the
∑

Eσ2

ai j
|ASD ∼

∑
Eσ2

ai j
regression are mostly explained by environmental autocorrela-

tion (Fig. 4.4b,e,h). In B. thunbergii and H. tortuosa (the species with the largest residuals

from the
∑

Eσ2

ai j
|ASD ∼

∑
Eσ2

ai j
regression), environmental autocorrelation accounted for

48% (R2 = 0.56, Fig. 4.4b, Table S4) and 46% (R2 = 0.84, Fig. 4.4h, Table S6) of

the variance in residuals respectively; whilst environmental variance only accounted for

2% of the variance in residuals in both species. Regarding C. crotalifera, the largest

contributor to variance in residuals was unexplained residual variance (56%, R2 = 0.47,

Fig. 4.4e, Table S5), followed by environmental autocorrelation (28%) and variance

(16%).

In our second approach, we analysed the impact of environmental autocorrelation

and variance on the distribution of demographic 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, in B. thunbergii, 73% of the variance in mean

buffered size was attributed to environmental autocorrelation whilst 17% was attributed
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to environmental variance (R2 = 0.91, Fig. 4.4c, Table S7). Additionally, in H. tortuosa,

91% of the variance in mean buffered size was attributed to environmental autocorrelation

with only 0.1% being attributed to changes in environment variance (R2 = 0.97, Fig. 4.4i,

Table S9). And finally, just as in the first line of enquiry,
∑

Eσ2

ai j
in C. crotalifera is less

exposed to impacts of shifts in population structure as the distribution of mean buffered

size across the environmental autocorrelation – variance parameter space was mostly

explained by residual variance (78%) rather than environmental autocorrelation (17%) or

environmental variance (5%) (R2 = 0.26, Fig. 4.4f, Table S8).



68 4.4. Results

Figure 4.4: Environmental autocorrelation can influence demographic buffering (
∑

Eσ2

ai j
)

via its impact on population structure. In addition, the degree to which environmental
autocorrelation impacts

∑
Eσ2

ai j
across Berberis thunbergii (a-c), Calathea crotalifera (d-f) and

Heliconia tortuosa (g-i) is species-specific. The first column (a, d, g) shows the correlation
between

∑
Eσ2

ai j
and demographic buffering weighted by the average stage distribution

(
∑

Eσ2

ai j
|ASD). Residuals from these regressions show the potential impact of population

structure on
∑

Eσ2

ai j
. We then, in the second column (b, e, h), investigate these residuals as

a function of the environmental autocorrelation (x-axis) and environmental variance (σ2;
purple). Lastly, in the third column (c, f, i), we quantify the impact of environmental
autocorrelation and variance on the mean buffered size of the population. The pie charts at the
top right-hand corner of panels in (b, e, h), and (c, f, i) detail the proportion of variance in the
response variable that is explained by environmental autocorrelation (orange), environmental
variance (blue), environmental autocorrelation × variance interaction (grey) and residuals
(white). These pie charts show how environmental autocorrelation is the primary driver of
shifts in

∑
Eσ2

ai j
due to population.
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4.4.3 Testing H2b: Demographic buffering is most sensitive to en-
vironmental variance’s impact on rates of progression and
fertility

To test the hypothesis that environmental variance impacts demographic buffering through

vital rates (H2b), we ran the same perturbation analysis used to calculate
∑

Eσ2

ai j
at the level

of the sub-kernels: P-subkernel (survival-dependent changes in size) and the F-subkernel

(fertility). By taking the difference of the subkernel elasticities of variance (i.e., P – F

contribution), we investigated (1) the role of underlying rates on demographic buffering

and (2) the environment components that influence the P – F contribution across the

environmental autocorrelation – variance parameter space.

First, we determined if the P – F contribution is a sufficient predictor of
∑

Eσ2

ai j
.

The P – F contribution was highly predictive of
∑

Eσ2

ai j
across all species (Fig. 4.5a). B.

thunbergii had a negative relationship between P – F contribution and
∑

Eσ2

ai j
(r(223)

= -0.968, p<0.001), 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. progression) 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

environment components. Across the three species, the P – F contribution was mostly

explained by differences in degrees of environmental variance rather than autocorrelation

across the environmental autocorrelation – variance parameter space (Fig.4.5b-d). Specif-

ically, environmental variance explained 80%, 85% and 86% of the variance of P – F

contribution in B. thunbergii (R2 = 0.99, Fig. 4.5b, Table S10), C. crotalifera (R2 = 0.89,

Fig. 4.5c, Table S11) and H. tortuosa (R2 = 0.89, Fig. 4.5d, Table S12), respectively.

However, of the remaining variance, environmental autocorrelation explained 17%, 3%

and 2% of the variance of P – F contribution, respectively.
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Figure 4.5: Environmental variance (σ2) influences demographic buffering (
∑

Eσ2

ai j
)

via the population’s underlying demographic rates. (a) The relative contribution of
progression (growth conditional on survival: P) and fertility (recruitment of new individuals
from reproductive ones the previous year: F) on

∑
Eσ2

ai j
(i.e., P-F contribution). This approach

was then applied to three plant species: (b) Berberis thunbergii, (c) Calathea crotalifera, and
(d) Heliconia tortuosa). Dots are coloured by the degree of environmental autocorrelation
(φ, yellow). The pie charts at the top right-hand corner of panels b-d detail the proportion
of variance in P-F contribution that is explained by environmental autocorrelation (orange),
environmental variance (blue), environmental autocorrelation × variance interaction (grey)
and residuals (white). These pie charts show how environmental variance is the primary driver
of shifts in the relative contributions of progression and fertility to

∑
Eσ2

ai j
.

4.5 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 database (Levin et al., 2022), we obtain partial support for the hypothesis that

environmental autocorrelation and variance negatively impact a population’s capacity

to remain demographically buffered (H1). Interestingly, whilst environment variance

negatively affects demographic buffering, there is a nonlinear effect of temporal autocorre-

lation on demographic buffering. Furthermore, even though environment autocorrelation

and variance combine to make the environment time series, we show that their effects

on demographic buffering are orthogonal dimensions of environmental stochasticity.

Indeed, the effect of temporal autocorrelation on demographic buffering (
∑

Eσ2

ai j
) is

mediated by population structure (H2a), whilst the effect of environmental variance

on
∑

Eσ2

ai j
is mediated by underlying demographic rates (H2b). Specifically, the influence

of environmental variance on rates of progression vs. fertility is the greatest driver of
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differences in
∑

Eσ2

ai j
across variable environments 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 variance of progression vs. fertility

rates (Gaillard et al., 1998; Pfister, 1998).

Identifying the mechanisms that underpin the ability of natural populations to

buffer against environmental stochasticity offers a powerful framework to explore a

population’s vulnerability to climate change. Current climatic forecasts predict changes in

environmental stochasticity due to global climate change (Lewis & 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 [temperature: Bathiany et al., 2018; precipitation: Trenberth,

2011]. Furthermore, extreme weather events are expected to become more common,

leading to increased autocorrelation [e.g., tropical cyclones: Knutson et al., 2010; fire

frequency: Halofsky et al., 2020]. However, not all environmental components affect

populations the same way (Hoffmann & Bridle, 2022; Vinton et al., 2022, 2023). The

shape of demographic rates across a life history varies widely across the tree of life (Healy

et al., 2019; Jones et al., 2014; Paniw et al., 2018; Salguero-Gómez et al., 2016b; Enríquez

et al., 2022). Therefore, predicting the susceptibility of populations to environmental

stochasticity, without a regard to the mechanism, overlooks key heterogeneity in the

demographic processes necessary for accurate predictions. Our framework provides a

promising avenue to incorporate this heterogeneity for informed analyses of the role of

environmental stochasticity in a population’s demographic buffering capacity.

Our results highlight an interesting, but often overlooked, role of population

structure in demographic buffering. Whilst we find environment autocorrelation to

primarily impact demographic buffering via shifts in population structure, there is

also species-level heterogeneity in the strength and direction by which environment

autocorrelation shifts population structure. Furthermore, our results indicate portions

of the heterogeneity in
∑

Eσ2

ai j
are explained by the interaction between environment

autocorrelation and variance. One likely source of this heterogeneity is transient dynamics
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[i.e., short-term, progressively weakening realizations of non-asymptotic population

growth rate values resulting from a population not being at its stable-stage distribution

(Stott et al., 2011)]. Whilst transient dynamics represent a suite of different stereotyped

population dynamics (Capdevila et al., 2020b), 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 & Caswell, 1997)] has

been linked to stochastic demography (McDonald et al., 2016). However, the link

between reactivity, along with other transient dynamics, and demographic buffering

remains unknown. Future work analysing which transient dynamics are increasing and

decreasing levels of demographic buffering will finally integrate the analysis of transient

dynamics with stochastic demography.

Historically, studies of life histories in stochastic environments have followed

two branches: modelling and dimension reduction. Modelling life histories in stochastic

environments, whereby analytic or numeric methods are used for demographic inference

in individual populations, has progressively put to rest some key problems within life

history theory [iteroparity: (Orzack & Tuljapurkar, 1989; Tuljapurkar et al., 2009a);

diapause: (Tuljapurkar & Istock, 1993); migration: (Wiener & Tuljapurkar, 1994);

biennialism: (Klinkhamer & Jong, 1983; Roerdink, 1988, 1989); homeostasis: (Orzack,

1985); lability: (Koons et al., 2009; Jongejans et al., 2010; Barraquand & Yoccoz,

2013); summarized in Caswell (2001)]. However, one of the limitations of a modelling

approach is losing the realism captured within constraints, phylogenetic history or

selection gradients that drive variance patterns in demographic rates.

From the empirical side, researchers have used dimension reduction techniques to

unmask the patterns life histories exhibit in variable environments. Dimension reduction

techniques, such as phylogenetically controlled principal component analyses (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:

longevity, age at maturity, average body size, etc. To capture the signal of an individual

life history strategy through the dimensionality, reducing the multidimensionality of life
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history metrics to its most important axes of variance (i.e., principal components) has

led to key discoveries (two-axes of life history variance: Salguero-Gómez et al., 2016b;

Healy et al., 2019). Furthermore, this approach has been used to model life histories in

stochastic environments (Paniw et al., 2018; Romeijn & Smallegange, 2022). However,

this approach is limited to modelling only one component of a variable environment (e.g.,

environmental autocorrelation or variance). This limitation is further emphasized by our

results showing non-linearities between the effects of environment components on
∑

Eσ2

ai j
,

thereby illustrating that the impact of an environment component on 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 population models: from physiologically structured population models

(De Roos, 1997) to matrix population models (Caswell, 2001) to integral projection

models (Easterling et al., 2000; Ellner et al., 2016), to dynamic energy budget models

(Nisbet et al., 2000; Smallegange et al., 2017). By using open-access data [COMPADRE:

(Salguero-Gómez et al., 2015); COMADRE: (Salguero-Gómez et al., 2016a); PADRINO:

(Levin et al., 2022); AmP: (Marques et al., 2018)], researchers can explore the combined

impact of autocorrelation and variance on
∑

Eσ2

ai j
by interfacing the time series of a

structured population models with stochastic matrices (Paniw et al. 2018). Once the

landscape of
∑

Eσ2

ai j
is mapped across environment autocorrelation and variance, the

relative contributions of constraints, phylogeny and species-specific effects on
∑

Eσ2

ai j

will be realized. This combined approach of modelling and dimension reduction offers

generalization in a previously exception driven area of life history theory.

In conclusion, structure matters. Since Leslie (1945) and Lefkovitch (1965),

demographers have explored how relatively simple structured population models can

be used for biological inference. From transient dynamics (Capdevila et al., 2020b,

2022; Ezard et al., 2010; Hastings, 2001), to structured Lotka-Volterra models (De Roos,

2021; De Roos et al., 1990) to stability analysis (Cushing et al., 2003), researchers have

generated a rich body of theory and evidence for the impact of population structure
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on demographic inferences. However, the impact of environmental structure, in the

form of individual climate drivers (e.g., temporal autocorrelation and variance), and

their corresponding demographic mechanisms that mediate their effects are uncoupled.

We argue they should be stitched together. Our framework exploring demographic

buffering across the environmental autocorrelation – variance parameter space joins

a recent push stitching the impacts of climate drivers (Vinton et al., 2022) with their

respective demographic mechanisms (Le Coeur et al., 2022).
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4.7 Supplementary materials

4.7.1 Standardised analysis pipeline

To investigate the roles of environmental autocorrelation and variance on demographic

buffering, we used a standardised analysis pipeline to reproducibly model the linear and

non-linear impacts of environment components (i.e., environmental autocorrelation and

variance).

The standardised analysis pipeline has two phases. First, a suite of pre-defined sta-

tistical models were used to model the specified response variable (e.g., P-F contribution).

These models were classified as a priori (see below).

A priori models:

1. response variable ∼ σ2 + φ + σ2 × φ

2. response variable ∼ σ2 + φ + σ2 × φ + φ2

3. response variable ∼ σ2 + φ + σ2 × φ + φ2 + φ3

4. response variable ∼ σ2 + φ + σ2 × φ +
(
σ2

)2

5. response variable ∼ σ2 + φ + σ2 × φ +
(
σ2

)2
+ φ2

6. response variable ∼ σ2 + φ + σ2 × φ +
(
σ2

)2
+ φ2 + φ3

7. response variable ∼ σ2 + φ + σ2 × φ +
(
σ2

)2
+

(
σ2

)3

8. response variable ∼ σ2 + φ + σ2 × φ +
(
σ2

)2
+

(
σ2

)3
+ φ2

9. response variable ∼ σ2 + φ + σ2 × φ +
(
σ2

)2
+

(
σ2

)3
+ φ2 + φ3

We chose this list of statistical models as they (1) contain linear and linear-

interaction terms of environmental autocorrelation (φ) and environmental variance (σ2)

(see the first three terms of each model), (2) they sequentially add combinations of

environment autocorrelation and variance up to a cubic term and (3) simplifies the

combination of possible models generate from 7 predictors (127 possible combinations).
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After identifying the statistical model with the lowest AIC out of all of the a

priori models, the model with the lowest AIC was passed through an ANOVA to estimate

the significance of each of the predictors (α=0.05). If all of the predictors were significant

(p<0.05), the a priori model with the lowest AIC was chosen3. However, if one or more

of the predictors were not significant, further statistical models were constructed in the

second phase of the pipeline.

In the second phase, all possible versions of the model selected in the first phase

were constructed with the insignificant predictors knocked. For example, if a priori model

5 had the lowest AIC, but (σ2 × φ) and (φ2) were insignificant, the following 3 post-hoc

models would be constructed:

10. response variable ∼ σ2 + φ +
(
σ2

)2
+ φ2

[
knock out σ2 × φ

]
11. response variable ∼ σ2 + φ + σ2 × φ +

(
σ2

)2 [
knock out φ2

]
12. response variable ∼ σ2 + φ +

(
σ2

)2 [
knock out σ2 × φ and φ2

]
After constructing the post-hoc models, AIC values were calculated and the model with

the lowest AIC was selected.

3Here we are using p-values as a method to identify the impact of individual variables in the selected
regressions and to potentially inform simpler models in the second phase. In turn, the selected regression
after the first and second phases is solely due to AIC criterion – p-values are solely used to generate
potentially simpler models for further AIC comparison.
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4.7.2 Supplementary tables

Supplementary Table 1. Model selection to quantify the effects of environmental autocorrelation and variance on demographic buffering

(DB) in Berberis thunbergii. This model selection corresponds to the data show in Figure 4.3a in the main text. Environmental autocorrelation

is denoted as φ whilst environmental variance is denoted as σ2.
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Supplementary Table 2. Model selection to quantify the effects of environmental autocorrelation and variance on demographic buffering

(DB) in Calathea crotalifera. This model selection corresponds to the data show in Figure 4.3b in the main text. Environmental

autocorrelation is denoted as φ whilst environmental variance is denoted as σ2.
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Supplementary Table 3. Model selection to quantify the effects of environmental autocorrelation and variance on demographic buffering

(DB) in Heliconia tortuosa. This model selection corresponds to the data show in Figure 4.3c in the main text. Environmental autocorrelation

is denoted as φ whilst environmental variance is denoted as σ2.
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Supplementary Table 4. Model selection to quantify the effects of environmental autocorrelation and variance on the residuals of

∑
Eσ2

ai j

and
∑

Eσ2

ai j
|ASD in Berberis thunbergii. This model selection corresponds to the data show in Figure 4.4b in the main text. Environmental

autocorrelation is denoted as φ whilst environmental variance is denoted as σ2.

*Since all parameters were deemed significant (α<0.05), no post hoc selection was performed.
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Supplementary Table 5. Model selection to quantify the effects of environmental autocorrelation and variance on the residuals of
∑

Eσ2

ai j

and
∑

Eσ2

ai j
|ASD in Calathea crotalifera. This model selection corresponds to the data show in Figure 4.4e in the main text. Environmental

autocorrelation is denoted as φ whilst environmental variance is denoted as σ2.

*Since all parameters were deemed significant (α<0.05), no post hoc selection was performed.
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Supplementary Table 6. Model selection to quantify the effects of environmental autocorrelation and variance on the residuals of

∑
Eσ2

ai j

and
∑

Eσ2

ai j
|ASD in Heliconia tortuosa. This model selection corresponds to the data show in Figure 4.4h in the main text. Environmental

autocorrelation is denoted as φ whilst environmental variance is denoted as σ2.
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Supplementary Table 7. Model selection to quantify the effects of environmental autocorrelation and variance on the mean buffered size in

Berberis thunbergii. This model selection corresponds to the data show in Figure 4.4c in the main text. Environmental autocorrelation is

denoted as φ whilst environmental variance is denoted as σ2.
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Supplementary Table 8. Model selection to quantify the effects of environmental autocorrelation and variance on the mean buffered size in

Calathea crotalifera. This model selection corresponds to the data show in Figure 4.4f in the main text. Environmental autocorrelation is

denoted as φ whilst environmental variance is denoted as σ2.
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Supplementary Table 9. Model selection to quantify the effects of environmental autocorrelation and variance on the mean buffered size in

Heliconia tortuosa. This model selection corresponds to the data show in Figure 4.4i in the main text. Environmental autocorrelation is

denoted as φ whilst environmental variance is denoted as σ2.

*Since all parameters were deemed significant (α<0.05), no post hoc selection was performed.
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Supplementary Table 10. Model selection to quantify the effects of environmental autocorrelation and variance on the P-F contribution in

Berberis thunbergii. This model selection corresponds to the data show in Figure 4.5b in the main text. Environmental autocorrelation is

denoted as φ whilst environmental variance is denoted as σ2.
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Supplementary Table 11. Model selection to quantify the effects of environmental autocorrelation and variance on the P-F contribution in

Calathea crotalifera. This model selection corresponds to the data show in Figure 4.5c in the main text. Environmental autocorrelation is

denoted as φ whilst environmental variance is denoted as σ2.
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Supplementary Table 12. Model selection to quantify the effects of environmental autocorrelation and variance on the P-F contribution in

Heliconia tortuosa. This model selection corresponds to the data show in Figure 4.5d in the main text. Environmental autocorrelation is

denoted as φ whilst environmental variance is denoted as σ2.



Assumptions are made, and most assumptions are wrong.

— Albert Einstein

If the flight velocity of pigs is one of the parameters in the
model, the analysis will happily answer the question of
what would happen if pigs could fly.

— Hal Caswell (2019b)
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5.1 Abstract

Understanding population responses to variable environments is central to much of current

research in population ecology and conservation biology. Environmental variability, a

key component of global climate change, increases the extinction risk of species across

the tree of life. Therefore, quantifying the sensitivity of populations to environmental

variability is timely in the face of global climate change. A common approach to measure

the impact of environmental variability on a population is by quantifying the population’s

capacity towards demographic buffering specifically, the population’s ability to reduce the

impact of environmental variability on its own growth rate. This line of work has, over

the past 25 years, resulted in multiple, heterogeneous, methods to quantify demographic

buffering. To date, we lack clarity on which method is most appropriate, and under

what conditions. To identify the best method to quantify demographic buffering, we test

four methods – one correlational method, two methods using terms from Tuljapurkar’s

approximation and the summation of stochastic elasticities of variance
(∑

Eσ2

ai j

)
– for

their efficacy to inform conservation strategies. We compare and contrast these methods

via three different tests to determine the efficacy of the methods across four integral

projection models for plants representing different life history strategies. In the first

test, we determine if the measures, structured by ontogeny, are similar or distinct by

analyzing their covariance structure across the four species. In the second and third tests,

we perform two counterfactual simulations to test if the measures offer insights about the

populations’ responses to variable environments that are better than chance. We find that

the four methods significantly differ in their ability to identify and quantify demographic

buffering. Furthermore, our simulations identify
∑

Eσ2

ai j
as the most effective method to

quantify demographic buffering. This work represents a clear example of how and why to

test the metrics we infer from structured systems prior to their applications in systems

of interest (e.g., endangered populations). In addition, our finding that commonly used

approaches to quantify demographic buffering are ineffective has broad implications for

our current understanding of how natural populations are responding to climate change,

and thus for effective conservation practices.
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5.2 State of the art

Increased environmental variability is a key threat to natural populations in response to

global climate change (Masson-Delmotte et al., 2021; Sutherland et al., 2013). From

droughts to hurricanes, environmental variability takes a variety of forms across species

(Raventós et al., 2021; Rodríguez-Caro et al., 2021). However, the net effect of envi-

ronmental variability on population dynamics is broadly conserved across taxa: it often

leads to a reduction in a population’s stochastic population growth rate (λs; Tuljapurkar,

1982, 1989) and consequent increases in extinction risk (May, 1973). These effects are

especially concerning as global climate change is projected to increase environmental

variability in regions hosting the highest biodiversity (Bathiany et al., 2018). Therefore,

understanding the sensitivity of populations to environmental variability and the strategies

populations use to reduce this sensitivity is critical.

Demographic buffering is often used to quantify the impact of environmental

variability on population dynamics. Demographic buffering quantifies the degree to which

a population’s combination of demographic rates (e.g., survival, growth, reproduction)

reduce the impact of environmental variability on λs. Similar to a chemical buffer on

a solution’s pH, a more demographically buffered population has a combination of

demographic rates that reduce the population’s sensitivity to environmental variability

relative to a less demographically buffered population (Gascoigne et al., 2023a; Pfister,

1998). In turn, demographic buffering has been extensively used to infer both the

sensitivity of populations to environmental variability (Hilde et al., 2020; Pfister, 1998)

and the strategies populations use to reduce this sensitivity (McDonald et al., 2017). This

understanding has led to a series of studies analysing the impact of climate variability

on conservation measures (Colchero et al., 2021), population viability (Rodríguez-Caro

et al., 2021), life histories (Morris et al., 2008) and many more topics across ecology

and evolutionary biology (Gascoigne et al., 2023b; McDonald et al., 2017; Morris &

Doak, 2004; Santos et al., 2023). However, researchers measure demographic buffering

in numerous, different ways, as reviewed in Hilde et al. (2020).
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Over the past 25 years, demographic buffering has taken a variety of mathematical

forms and interpretations. Mathematically, demographic buffering has been calculated

using multiple correlation and derivative based methods (Hilde et al., 2020; Santos et al.,

2023). Furthermore, these measures of demographic buffering have been inferred as

both a population’s relationship to a variable environment (Rodríguez-Caro et al., 2021)

and an evolved aspect of a population’s life history (Li & Ramula, 2015; McDonald

et al., 2017). Currently, we lack a comprehensive understanding of what is an effective

measure of demographic buffering. We define “efficacy” as the ability of a measure

of demographic buffering to infer a population’s response to a variable environment.

Unfortunately, previous research into demographic buffering often assumes the efficacy of

their methods without testing this assumption. Furthermore, out of the suite of methods

used to calculate demographic buffering, we do not know which measures are more

effective than others. In turn, to fill this gap in knowledge, we aim to test for efficacy in

measures of demographic buffering.

To test for efficacy in four measures of demographic buffering, we use four

size-structured stochastic integral projection models (IPMs; Easterling et al., 2000).

Using the PADRINO database (Levin et al., 2022), we simulate IPMs for four plant

species with different life histories. Subsequently, we calculate four well-established

measures of demographic buffering: one using a correlation method (Spearman’s ρ,

Pfister, 1998; McDonald et al., 2017), two methods using terms from Tuljapurkar’s

approximation (Vs and Vs + Vc, Tuljapurkar, 1989; Maldonado-Chaparro et al., 2018)

and one method using summed stochastic elasticities of variance (
∑

Eσ2

ai j
, Haridas and

Tuljapurkar, 2005; Tuljapurkar et al., 2003; Morris et al., 2008). We test the potential

differential efficacy of these four measures of demographic buffering with three separate

tests. In the first test, we analyzed the correlation structure of the four measures of

demographic buffering structured along the ontogeny (i.e., the size classes in each IPM)

of the four species. Here, we hypothesized that (H1) different measures of demographic

buffering would offer different values for the same populations as the methods are

parameterized using dissimilar values (e.g., stochastic vs. deterministic elasticities)

and methods (e.g., Spearman’s ρ correlation vs. summed products). In the second
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test, we stabilized (i.e., fixed values as constant through time) the demographic rates

along the ontogeny, one size/stage increment at a time, and regressed the difference

in stochastic population growth rate (∆λs) against the degree of buffering associated

with each size class along the ontogeny. We hypothesized that (H2) there is a strong

negative relationship between the degree of buffering along the ontogeny and ∆λs as we

predicted stabilizing demographic rates to have the largest positive effect in the least

buffered size classes. In the third test, we elucidate whether counterfactual simulations

of the plant populations informed by their distributions of demographic buffering, along

an ontogeny, yield improved population growth relative to chance. Specifically, we

collectively stabilize the demographic rates of all size classes across a time series to

varying degrees. The degree to which the size class specific demographic rates were

stabilized was determined by the distributions of size class specific buffering, determined

by each method (i.e., ρ, Vs, Vs + Vc and
∑

Eσ2

ai j
). To determine if these distributions

offer improved information for demographic rate stabilization relative to chance, we also

simulated the random stabilization of demographic rates along ontogeny as a control.

We hypothesized that (H3) the stabilization of demographic rates informed by size-class

specific demographic buffering distributions would yield a significantly higher ∆λs than a

random stabilization of demographic rates.

5.3 Methodological approach

To test for efficacy in measures of demographic buffering, i.e. the ability of natural

populations to minimise the expected negative effects of environmental stochasticity

(Hilde et al., 2020; Rodríguez-Caro et al., 2021; Maldonado-Chaparro et al., 2018; Morris

et al., 2008), we used four different measures of demographic buffering. Since these

measures of demographic buffering are dependent on structured demographic models (i.e.,

related to Tuljapurkar’s approximation; Tuljapurkar, 1989), we used four environmentally

explicit integral projection models (IPMs; Easterling et al., 2000) to test our hypotheses.
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5.3.1 Environmentally explicit integral projection models

We used four integral projection models (IPMs) from the PADRINO IPM database (Levin

et al., 2022) to test for efficacy in measures of demographic buffering. IPMs are discrete-

time population models that project a population structured by a continuous trait (e.g.,

height, mass) within a finite domain [i.e., from the smallest trait value (α) to the largest

one (ω)] across time steps. An environmentally explicit IPM can be written as,

nt+1(z′) =
∫ ω

α

K(z′, z, ψt) nt(z) dz. (5.1)

Here, the distribution of the continuous trait at time t [nt(z)] is projected through the

so-called K-kernel
[
K(z′, z, ψt)

]
to generate the distribution of the continuous trait at time

t+1 [nt+1(z′)]. The K-kernel represents a continuous two-dimensional surface quantifying

the survival and potential change in state values of individuals between t and t + 1, as

well as the per-capita contributions of size z individuals at time t to the occurrence of

size z′ newly recruited individuals at time t + 1. In an environmentally explicit IPM, the

K-kernel is a function of one or more time-dependent environment variables (ψt) (Ellner

et al., 2016).

In our study, we simulated IPMs for four plant species with different life histories.

Specifically, we used IPMs for one herbaceous perennial (Berberis thunbergii, Merow

et al., 2017), two tropical perennials (Calathea crotalifera and Heliconia tortuosa,

Westerband and Horvitz, 2017) and one biennial (Carlina vulgaris, Rees and Ellner,

2009). The parameter values and formulas used to construct these IPMs are detailed in

Appendix A.

To simulate the IPMs, we used a mesh point integration method (Easterling

et al., 2000; Ellner et al., 2016) which discretises the K-kernel into a matrix with n × n

dimensions, where each bin (n) can be thought of as a small, discrete size class along

the life cycle of the species. Since the discretised kernel mimics a matrix population

model (MPM; Caswell, 2001), we will discuss our methods in the form of matrix notation
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where the matrix is represented as A with demographic rates ai j referring to the survival-

dependent changes in classes and reproductive contributions of individuals in stage j

toward stage i (Caswell, 2001).

5.3.2 Tuljapurkar’s approximation and measures of demographic
buffering

The metrics used to quantify demographic buffering are derived from Tuljapurkar’s

approximation (Tuljapurkar, 1982, 1989, 1990). This approximation (Eq. 5.2) quantifies

the degree to which the values of demographic rates across time contribute to its long-run

stochastic population growth rate, λs.

log(λs) ≈ log(λ1) −
1
2

(Vs + Vc) (5.2)

The approximation is calculated by subtracting the summed impact of temporal variance

of these demographic rates (Vs, Eq. 5.3) and within-time step covariance between

demographic rates (Vc, Eq. 5.4) from the logged population growth rate associated

with arithmetic mean matrix - i.e., the MPM constricted through element-by-element

arithmetic means along the time series [log(λ1)].

Vs =
∑

i j

e2
i j CV2

i j (5.3)

Vc =
∑
i j,kl

ei j ekl

(
cov(ai j, akl)

āi j ākl

)
(5.4)

Both Vs and Vc are calculated using the elasticities of λ1 in response to demographic rates

from the mean MPM (ei j)1. Additionally, Vs measures the impact of variance using the

squared coefficient of variance of individual demographic rates (CV2
i j), and Vc quantifies

the impact of the covariances between demographic rates by dividing the within-time step

covariance of demographic rates [cov(ai j, akl)] by the product of their means (āi j ākl).

1Elasticities quantify the proportional contribution of underlying demographic rates to changes in
population growth rate - i.e., ei j =

ai j

λ

∂λ
∂ai j
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5.3.3 Four measures of demographic buffering

The first measure of demographic buffering is a correlation-based approach. As illustrated

by Pfister (1998), one strategy by which a population can reduce Vs (Eq. 5.3) is by having

a negative covariance between the elasticities of population growth rate associated with

mean MPM (ei j) and the temporal coefficient of variance values of said demographic

rates (CVi j). In turn, this first measure of demographic buffering (ρ) is a calculation of

the covariance between e2
i j and CV2

i j [i.e., cov(e2
i j,CV2

i j) = ρ]. A negative covariance in ρ

would mean that the demographic rates that proportionally vary the most through time in

a population in fact have the least impact on the overall performance of the population,

as quantified by elasticities of λ1, whilst the most important demographic rates would

be proportionately stable over time. Out of all the possible measures of demographic

buffering, this correlation-based approach is the most commonly used (Hilde et al., 2020).

The second and third measures of demographic buffering use the values directly

from the second-term of Tuljapurkar’s approximation. The second measure of demo-

graphic buffering quantifies the impact of temporal variance in demographic rates (Vs, Eq.

5.3). The third measure of demographic buffering sums the impact of demographic rate

variance and within-timestep covariance (Vs + Vc, Eq. 5.3,5.4).

The fourth measure of demographic buffering uses the summation of stochastic

elasticities of variance. The summation of stochastic elasticities of variance
(∑

Eσ2

ai j

)
represents the degree to which proportional increases in demographic rate variance

negatively impacts λs. In turn, we can numerically represent
∑

Eσ2

ai j
as,

∑
Eσ2

ai j
=

∑[
var(ai j)
λs

×
λ
∗ai j
s − λs

0.00001 × var(ai j)

]
. (5.5)

As per Haridas and Tuljapurkar (2005), we can rewrite Tuljapurkar’s approximation (Eq.

5.2) as,

log(λs) ≈ log(λ1) +
1
2

(∑
Eσ2

ai j

)
(5.6)

Thus, we define the fourth measure of demographic buffering as
∑

Eσ2

ai j
.



5. Testing for efficacy in four measures of demographic buffering 97

5.3.4 Testing for efficacy in measures of demographic buffering

To test which measures of demographic buffering are most effective, and the degree to

which they are effective, we ran three specific tests.

We tested H1, that the different measures of demographic buffering would offer

different values for the same populations, in two steps. First, we quantified the degree of

demographic buffering associated with each measure for all n size classes of the n × n

discretised IPM kernel, one size class at a time. Second, we quantified the correlation of

these values for all four species. If the measures of demographic buffering are distinct,

different correlation patterns of the measures should emerge across the four examined

species.

The second and third tests involved counterfactual simulations of the four species.

Both simulations involved stabilizing the demographic rates of an individual size class

(i.e., j) toward their arithmetic mean across a simulated time series of 1,000 timesteps.

This stabilization approach tests a key assumption of measures of demographic buffering:

whether the degree to which a stage class is demographically buffered implicates the

degree to which the whole population would benefit from the stabilization of demographic

rates in said stage class. If a measure of demographic buffering is effective, we predict a

positive relationship between the degree of stage specific demographic buffering and the

degree to which the population benefits from the stabilization of demographic rates in

each stage class along the life cycle of the species.

To test H2, that there is a strong negative relationship between the degree of

buffering associated with an individual stage along an ontogeny and the improvement in

population growth associated with the stabilization of demographic rates associated with

said stage (i.e., ∆λs), we used a counterfactual approach. Specifically, we stabilized the

demographic rates of each size class one at a time, whilst leaving the demographic rates

of all other stages to vary through time. After running 1,000 simulations of the stabilized

population time series, the mean stochastic population growth rate of the stabilized

population was calculated. The difference between the stabilized stochastic population
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growth rate and the stochastic population growth rate of the non-stabilized population

time series was calculated (∆λs). Subsequently, measures of ∆λs were regressed against

each measure of stage-specific demographic buffering (i.e., ρ, Vs, Vs+Vc and
∑

Eσ2

ai j
). The

degree to which ∆λs and the measures of stage-specific demographic buffering negatively

covary corresponds to the efficacy of the individual measures of demographic buffering

- i.e., stabilizing demographic rates in the least buffered stages producing greater ∆λs

values than more buffered stages. Negative covariances were assessed using Spearman’s

ρ correlations with significance attributed to p < 0.05.

To test H3, that the stabilization of demographic rates informed by size-class

specific demographic buffering distributions would yield a significantly higher ∆λs than

a random stabilization of demographic rates, we used another counterfactual approach.

Specifically, we stabilized the demographic rates relative to their measures of stage-

specific demographic buffering. In other words, if a stage class ( j) was the least

demographically buffered for a specific measure of demographic buffering (e.g.,
∑

Eσ2

ai j
),

that stage class would be stabilized to its arithmetic mean. However, if a stage class were

the most demographically buffered, the time series would resemble the non-stabilized

population time series. For intermediate levels of demographic buffering, the population’s

time series of demographic rates was set to the weighted average of the stabilized and non-

stabilized population time series, relative to the percentile the stage is demographically

buffered (for more details, see supplementary methods). To test for efficacy, we used

a permutation approach. Specifically, we simulated 10,000 random distributions of

demographic buffering and stabilized the time series of demographic rates relative to

these random distributions. This step resulted in a null distribution of how an ineffective

measure of demographic buffering may stabilize the system. To test whether the measures

of demographic buffering are effective, we identified the 95th percentile within the null

distribution and attributed efficacy to any measure that was consistently greater than the

95th percentile across all four species.
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5.4 Results

5.4.1 Test 1: Identify differences in the measures of demographic
buffering across ontogeny

In the first test, we aimed to identify whether the four measures of demographic buffering

offer similar or distinct inferences across the four examined species. For this step, we

analysed the correlation structure of each measure of demographic buffering structured

across ontogeny and found heterogeneity across the four demographic buffering metrics

of our four species, thus supporting H1 (Fig. 5.1). These differences are demonstrated

by the differences in correlation patterns across the four species. Interestingly, the only

pairwise combination of demographic buffering measures that offered a highly stereotyped

correlation structure was Vs and Vs + Vc. These results are also mirrored with a principal

component analysis of the measures of demographic buffering across the four species

(Fig. 5.2).
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Figure 5.1: Heterogeneity in the measures of demographic buffering. Here, we show the
correlation structure of four measures of demographic buffering structured across ontogeny for
all four plant species. The four measures are: Spearman’s ρ coefficient correlating elasticities
and CV values associated with individual demographic rates, Vs which quantifies the impact
of demographic rate variance on population growth using Tuljapurkar’s approximation, Vs+Vc

which quantifies the impact of demographic rate variance and covariances on population
growth using Tuljapurkar’s approximation and the summed stochastic elasticities of variance
(
∑

Eσ2

ai j
). The numbers in the centre of the cells represent the Spearman’s ρ coefficient

associated with pairwise combinations of the demographic buffering measures. Redder (bluer)
tones correspond to more positive (negative) correlations.
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Figure 5.2: Heterogeneity in the measures of demographic buffering. Here we show the
covariance structure, via a principal component analysis (PCA), of four different measures
of demographic buffering, structured across ontogeny, for four species of plants. The four
measures are: Spearman’s ρ coefficient correlating elasticities and CV values associated with
individual demographic rates, Vs which quantifies the impact of demographic rate variance
on population growth using Tuljapurkar’s approximation, Vs + Vc which quantifies the impact
of demographic rate variance and covariances on population growth using Tuljapurkar’s
approximation and the summed stochastic elasticities of variance (

∑
Eσ2

ai j
). Prior to running

the PCA, all values were scaled and centred. The points represent buffering values associated
with individual stages across the life history of each species. The arrows represent the
covariance structure of each measure of demographic buffering. It is worth noting that the
arrows for Vs and Vs+Vc are almost perfectly overlapping in the plots for Calathea crotalifera
and Heliconia tortuosa.
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5.4.2 Test 2: Testing for efficacy by stabilizing demographic rates
across individual stages

In the second test, we quantified the efficacy in each measure of demographic buffering.

Specifically, we hypothesized (H2) that individual simulations of each species, where

the demographic rates of each stage were stabilized (i.e., re-parameterized to be constant

through time) one stage at a a time, would lead to a negative relationship between the

degree of buffering associated with a specific stage and ∆λs. The rationale for this

hypothesis is the stabilization of demographic rates in individual stages should have a

larger positive effect in the least buffered stages than in more buffered stages. Of the four

different methods for calculating demographic buffering, only
∑

Eσ2

ai j
generated negative

relationships between degree of buffering and ∆λs across the four species (Spearman’s ρ,

p < 0.05; Fig. 5.3). The other metrics (i.e., ρ, Vs and Vs + Vc) only generated negative

relationships between degree of buffering and ∆λs in Berberis thunbergii and Carlina

vulgaris (Spearman’s ρ, p < 0.05; Fig. 5.3). In turn, the second test indicates
∑

Eσ2

ai j
is

the only measure of demographic buffering that is predictably effective across all four

species.
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Figure 5.3: Stabilization of demographic rates across the life cycle of four examined
species identifies

∑
Eσ2

ai j
as an effective measure of demographic buffering. Here, the results

from the simulations where demographic rates were stabilized for stages one at a time are
shown – rows indicate species whilst columns represent the different measures of demographic
buffering. The four measures are: Spearman’s ρ coefficient correlating elasticities and CV
values associated with individual demographic rates, Vs which quantifies the impact of
demographic rate variance on population growth using Tuljapurkar’s approximation, Vs + Vc

which quantifies the impact of demographic rate variance and covariances on population
growth using Tuljapurkar’s approximation and the summed stochastic elasticities of variance
(
∑

Eσ2

ai j
). The x-axis of each graph represents the degree of buffering from least buffering (on

the left) to the most buffered (on the right). The y-axis represents the change in stochastic
population growth rate (∆λs) due to the stabilization of demographic rates in the associated
life cycle stage. Significant negative relationships (assessed by Spearman’s ρ, p < 0.05) are
shown with red asterisks.
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5.4.3 Test 3: Testing for efficacy by stabilizing demographic rates
weighted by the distribution of demographic buffering across
ontogeny

In the third test, we quantified the efficacy in each measure of demographic buffering.

Specifically, we tested (H3) whether stabilizing demographic rates relative to the dis-

tribution of demographic buffering across ontogeny outperforms stabilization measures

that were not informed by demographic buffering measures. From these simulations,

we found that
∑

Eσ2

ai j
is the only measure of demographic buffering that performs better

than chance in improving the population’s stochastic growth rate (∆λs) (Fig. 5.4). This

findings is highlighted by all ∆λs values associated with
∑

Eσ2

ai j
being greater than the 95th

percentile of the simulated null distribution.
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Figure 5.4: Stabilization of demographic rates weighted by the distribution of buffering
across ontogeny indicates

∑
Eσ2

ai j
is an effective measure of demographic buffering.

Here, the results for simulations where demographic rate variances are stabilized relative
to each measure of demographic buffering are shown. The four measures are: Spearman’s
ρ coefficient correlating elasticities and CV values associated with individual demographic
rates, Vs which quantifies the impact of demographic rate variance on population growth
using Tuljapurkar’s approximation, Vs + Vc which quantifies the impact of demographic rate
variance and covariances on population growth using Tuljapurkar’s approximation and the
summed stochastic elasticities of variance (

∑
Eσ2

ai j
). The grey histograms represent the null

distributions (i.e., populations stabilized by a random buffering distribution), and the grey
vertical line represents the 95th percentile of the null distribution. In this test, efficacy is
attributed to a measure of demographic buffering that is consistently greater than the 95th

percentile across all four species (i.e.,
∑

Eσ2

ai j
). The patterned vertical lines represent values of

∆λs for populations stabilized by the individual measures of demographic buffering.
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5.5 Discussion

In this study, we aimed to test for efficacy across four measures of demographic buffering.

To test for efficacy, we used four IPMs associated with plants with different life histories:

a herbaceous perennial (Berberis thunbergii, Merow et al., 2017), two tropical perennials

(Calathea crotalifera and Heliconia tortuosa, Westerband and Horvitz, 2017) and a

biennial plant (Carlina vulgaris, Rees and Ellner, 2009). Collectively, our findings

identify the summation of stochastic elasticities of variance
(∑

Eσ2

ai j

)
as the most effective

measure of demographic buffering, over three other metrics: Spearman’s ρ coefficient

correlating elasticities and CV values associated with individual demographic rates, Vs

which quantifies the impact of demographic rate variance on population growth using

Tuljapurkar’s approximation and Vs + Vc which quantifies the impact of demographic

rate variance and covariances on population growth using Tuljapurkar’s approximation.

The efficacy of
∑

Eσ2

ai j
is supported by three independent tests. In test 1, the stage-based

measures of demographic buffering were shown to have different correlation structures

across the four species (Figs. 5.1,5.2). This disparity of results indicates the four

measures are not measuring demographic buffering in the same manner. In tests 2 and 3,

the measures of demographic buffering differed in their efficacy to infer a population’s

response to simulations of reduced demographic rate variance (Figs. 5.3,5.4). Specifically,

only
∑

Eσ2

ai j
was consistently effective across all four species in both tests 2 and 3.

Our findings have broad implications for past and future studies of demographic

buffering. Previous studies have primarily focused on the correlation method (i.e., ρ)

for studies of individual populations (Hilde et al., 2020) or comparative approaches

(McDonald et al., 2017) with few studies using
∑

Eσ2

ai j
(but see Morris et al., 2008).

This is problematic as tests 2 and 3 here show stage-based conservation measures based

on the correlation approach to be ineffective – especially in contrast to
∑

Eσ2

ai j
. While

previous work has shown the correlation-based approach to (1) have a phylogenetic

signal across plant species (McDonald et al., 2017), (2) signal buffering versus labile

strategies in variable environments (Li & Ramula, 2015) and (3) potentially be an axis

of life history variation (Salguero-Gómez, 2021), we suggest these inferences might not



5. Testing for efficacy in four measures of demographic buffering 107

extend to structured conservation measures of populations in variable environments. To

fully connect our findings to previous literature, future work should focus on reanalysing

results from broad comparative analyses (McDonald et al., 2017; Morris et al., 2008)

using multiple measures - especially
∑

Eσ2

ai j
- to test previous findings.

Whilst our findings offer new insights to the efficacy of the numerous existing

demographic buffering measures, inferences drawn from these findings have important

limitations. First, the degree to which the generality of these findings are constrained

to certain life histories remains unknown. Whilst here we used species with different

life history strategies (i.e., one herbaceous perennial, two tropical perennials and one

biennial), the extent to which these findings may apply to more unique life histories and

different kingdoms (e.g., eusocial insects, migratory megafauna or semelparous fish) is

unknown and open to future research. Second, our results indicate that the measures of

demographic buffering are in fact different and should, therefore, be treated as such. This

is not to say that only
∑

Eσ2

ai j
has a place in the buffering literature. For example, important

research can – and has – been directed at other terms from Tuljapurkar’s approximation to

infer population responses to changes in environmental stochasticity (Compagnoni et al.,

2016, 2021; Evers et al., 2023; Paniw et al., 2018). And third, our tests of efficacy of the

various metrics of demographic buffering is stage specific, because structured populations

often incur stage structured perturbations. For example, hunting and extreme events

can perturb the demographic processes unevenly across a life cycle (Darimont & Child,

2014; Von Takach Dukai et al., 2018). However, whilst our approach is more in keeping

with the ecological dynamics of structured populations, the theory around demographic

buffering is often agnostic of stage specific perturbations (Hilde et al., 2020; Morris et al.,

2008; Pfister, 1998; but see Gaillard et al., 1998). Therefore, the inefficacy of ρ, Vs and

Vs + Vc can only be attributed to stage explicit inferences of demographic buffering, not

interpretations at the level of the whole population (Rodríguez-Caro et al., 2021) or across

species (Pfister, 1998).

In the future, demographic buffering could be connected to two previously

disparate corners of ecology and evolution. First, variance in demographic rates is not the
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sole driver of population extinction and persistence in variable environments (McDonald

et al., 2016; Capdevila et al., 2020b; Hastings et al., 2018). Indeed, transient dynamics,

temporary fluctuations in populations that decay over time due to progressive shifts toward

a stable age/stage/size structure, are also at play (Stott et al., 2011, 2012; Tuljapurkar

et al., 2023). Recent research has shown the transient portfolio of populations in response

to disturbance to have broad impacts on population trajectories (Capdevila et al., 2020b;

Jackson et al., 2019; McDonald et al., 2016; White et al., 2013; Ezard et al., 2010).

Furthermore, the transient portfolio can be the mechanism by which the population is

able to persist (Hansen et al., 2019) and be a key contributor to the variance of population

growth rate overtime (Jelbert et al., 2019; McDonald et al., 2016). Unfortunately, previous

papers focusing on demographic buffering have been agnostic to the transient dynamics

in their populations of interest – thereby making this a key area for future work. Second,

the link between demographic buffering and life history evolution is incomplete. The

components that build all measures of demographic buffering are in some way connected

to the sensitivities or elasticities of population growth rate (λ) in response to changes

in demographic rates (Pfister, 1998; Hilde et al., 2020; Tuljapurkar, 1982). These

sensitivities and elasticities are often used to infer ecological processes (e.g., demographic

buffering) but also selection gradients (Brodie et al., 1995; Caswell, 1978; Van Tienderen,

2000). Whilst previous work has implicated demographic buffering as a life history

strategy (Jongejans et al., 2010; Koons et al., 2009; Rodríguez-Caro et al., 2021), there is

no evidence for selection acting on any measure of demographic buffering in a natural

population. In turn, future work must be aimed at filling this gap in knowledge.

In conclusion, we have shown: (1) the efficacy of
∑

Eσ2

ai j
as a measure of

demographic buffering, (2) how different measures of demographic buffering report

different values for the same populations of interest and (3) the utility of counterfactual

simulations to test for efficacy in metrics of interest. This work supports previous uses of∑
Eσ2

ai j
(Gascoigne et al., 2023b; Morris et al., 2008; Santos et al., 2023; Westerband &

Horvitz, 2017) and opens new avenues of research to both confirm previous findings and

extend ideas surrounding demographic buffering to other areas of ecology and evolution.
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5.7 Supplementary methods

To perform the counterfactual simulations used in test 3, we stabilized the demographic

rates associated with each stage (i.e., where the demographic rate is ai j and the focal

stage is j) relative to the degree of buffering associated with each stage (DB j). Note, here

DB j represents the degree of buffering associated with each measure of demographic

buffering (i.e., ρ, Vs, Vs +Vc and
∑

Eσ2

ai j
) individually. The method by which we stabilized

demographic rates is as follows.

First, we calculated the distribution of demographic buffering across ontogeny

and scaled the values between 0 and 1. The scaled values (β j) were calculated as:

β j =
DB j −min(DB j)

max(DB j) −min(DB j)
. (5.7)

This scaling means that a β j value of 0 is the least buffered stage whilst a β j value of 1 is

the most buffered stage2.

Second, we used the original time series of demographic rates (ai j,t) and the β j

distribution to generate a new series of demographic rates (a∗i j,t) that are stabilized toward

the mean demographic rate (āi j) proportional to β j:

a∗i j,t = β j(ai j,t) + (1 − β j)(āi j). (5.8)

In other words, if a stage class ( j) were the least demographically buffered for a specific

measure of demographic buffering (e.g.,
∑

Eσ2

ai j
), that stage class would be stabilized to its

arithmetic mean. However, if a stage class were the most demographically buffered, the

time series would resemble the non-stabilized population time series.

2It is worth noting that the relationship between the valued inferred from the measure of demographic
buffering and degree of buffering varies across each measure. Specifically, ρ, Vs and Vs + Vc have a
negative relationship with degree of demographic buffering. However,

∑
Eσ2

ai j
has a positive relationship

with demographic buffering. In turn, all values were transformed to be both positive (as ρ and
∑

Eσ2

ai j
can

have negative values) and have a positive relationship with the inferred degree of demographic buffering.
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6.1 Abstract

A life history strategy represents the evolutionary answer to a species’ ecological problems.

From the fatally reproductive salmon Salmo salar to the seemingly immortal jellyfish

Turritopsis dohrnii, different species have evolved vastly different answers to their

ecological problems, generating the vast suite of life histories observed across the animal
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kingdom. To explain this variation, life history theory has generated and tested specific

hypotheses to describe this variance and define what drives it. Since Stearns (1992) and

Roff (2002), multiple methodological approaches have been used to understand the eco-

evolutionary processes that drive animal life history evolution. Specifically, insights from

theoretical modelling, experiments, fieldwork and comparative studies have elucidated

multiple mechanisms that drive variance in intra- and inter-specific life history outcomes.

However, despite this progress, gaps in knowledge regarding how life histories evolve in a

changing world still remain. Here, we review a selection of perspectives, developed over

the past 20 years, that support much of life history research today. These perspectives

include: (1) the two-axes framework (i.e., the fast-slow continuum vs. reproductive

schedule) to describe life history variation across taxa, (2) three different types of variance

that impact life history evolution (i.e., variance within time-steps, across time-steps and

variance in life history outcomes) and (3) the utility of integrating ultimate and proximate

modes of research to understand life history evolution. Subsequently, we suggest future

directions that represent new frontiers in the study of animal life history evolution. These

future directions are targeted at specific gaps in knowledge that offer timely insights for

the broader ecology and evolutionary biology community - i.e., (1) where does selection

act in the construction of a life history strategy and (2) the problem of time in life history

evolution. In summary, this review provides an integrative perspective, from physiological

constraints to evolutionary pressures, regarding how life history strategies are studied and

why life history research requires interdisciplinarity. The further discussion of current

perspectives and future directions provides a cross-section of animal life history research

today: where we are, how we got here and two research programs to improve our

understanding of life history evolution in variable environments

6.2 Introduction

Life history theory describes the rich diversity of life history strategies that organisms use

to pass their genes across generations. Specifically, a life history strategy is the sequence

and timings of events along an organism’s life course. These strategies are governed

by underlying vital rates of survival, development and reproduction that collectively
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contributes to both individual fitness (Stearns, 1983; Charlesworth, 1994) and broader

population dynamics (Roff, 2002; Stearns, 1992). Such events that constitute a life history

strategy are referred to as life history traits (e.g., generation time, mean lifespan, lifetime

reproductive output).

Across the animal kingdom, there is large variation in life history strategies

(Jones et al., 2014; Gaillard et al., 2005; Paniw et al., 2021). For instance, while the

Greenland shark (Somniosus microcephalus) takes a protracted period of 150 years before

reaching sexual maturity (Nielsen et al., 2016), the aphid Rhopalosiphum prunifolia

completes its life cycle in just 4.7 days (at 25°C; Noda, 1960). As a futher example,

the Chinook salmon (Oncorhynchus tshawytscha) populations take the perilous journey

upstream to reproduce and immediately perish (Groot & Margolis, 1991) whilst the Great

tit (Parus major), once reaching sexual maturity after one year, reproduces annually once

(and sometimes twice) up until death (Verhulst et al., 1997). This broad heterogeneity in

animal life histories has pushed researchers to explain: (1) these vast differences in life

history strategies and (2) what drives the evolution of life history strategies in a changing

world.

Animal life history research is highly interdisciplinary and can involve research

methods focused at multiple levels of biological complexity. For example, life history

research can involve:

1. Comparative demographic methods characterizing the major axes of variance in

life history strategies (Healy et al., 2019; Salguero-Gómez et al., 2016b).

2. The quantification of life history trade-offs – i.e., negative covariances between life

history traits (Stearns, 1989; Zera & Harshman, 2001; Zera & Zhao, 2006).

3. Identifying the genetic, cellular and physiological pathways that initiate the timings

associated with life history traits (e.g., age at sexual maturity) (Jimenez, 2016).

4. Characterizing the sources of variation (e.g., genetic, environmental, luck) in life

history traits within a population (Careau et al., 2010).
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All these research programmes, whilst operating within the interdisciplinary field of life

history theory, test hypotheses using very different methods and are focused on different

levels biological complexity. Hence, over the past decades, new findings in animal life

history evolution have arisen from a variety of different approaches (Fig. 6.1).

Figure 6.1: The many ways to study life histories. Here, we outline four distinct strategies
to study the life histories of dogs. (a) Comparative demography may involve using dimension
reduction methods [e.g., phylogenetically controlled principal component analyses (Revell,
2009)] to identify the primary axes of dog life history variation. (b) Evolutionary biology may
involve identifying the causes and constraints that lead to life history trait covariances (e.g.,
how diet can alter the presence of trade-offs). (c) Organismal biology may involve studying
the physiological pathways [e.g., insulin/insulin-like growth factor signalling (Jimenez,
2016)] that mediate the generation of life history traits. (d) Population ecology may involve
partitioning the variance in life history traits by their contributions from genes, the environment
and their interaction.

Life history theory can greatly benefit from an integration of the different

approaches researchers use to study animal life history evolution. To aid this integration,

here we review current-perspectives and future directions in life history theory from

across ecology and evolution. The current perspectives outlined in this paper represent

step changes in thinking in life history research since Stearns (1992), Charnov (1993),

Charlesworth (1994) and Roff (2002). Subsequently, we discuss future directions focused

on understanding how life histories evolve in a changing world.
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6.3 Current perspectives

Here, we outline a selection of current perspectives in animal life history research that

have progressed significantly in the past 20 years. Whilst not exhaustive, these three

sections act as a primer summarizing research programmes that have pushed the field of

life history theory forward and bolster much of life history research today. These sections

progressively zoom in, in terms of scale, on recent findings in life history research: from

comparative approaches across species, to variance decomposition approaches within

species to the drivers of individual life history traits.

6.3.1 Describing life histories across the animal kingdom

Ecologists have long been interested in answering the question, how and why do life

history strategies differ? One of the first attempts to characterize life histories was Robert

MacArthur and E. O. Wilson’s r vs. K-continuum (MacArthur & Wilson, 1967). Built

on the logistic growth equation
[

dN
dt = rN

(
K−N

K

)]
, the r vs. K-continuum differentiates

life histories based on the term under strongest selection; notably, the r vs. K-continuum

was also swiftly connected to the observation of survivorship curves that were also first

formulated shortly after (Van Valen, 1973). Whilst generalizable across taxa, the r vs. K-

continuum does not account for major life history traits and their tendency to covary. For

example, generation time, mean life expectancy and age at sexual maturity vary greatly

across the animal kingdom (from the aphid to the Greenland shark) and, furthermore,

covary to a significant degree – to the degree of becoming a syndrome. As a consequence,

another attempt to characterize life histories came when Stephen Stearns framed life

history variation in terms of the fast-slow continuum (Stearns, 1983). Some life histories

are slow (long generation time, higher mean lifespan and later age at sexual maturity)

whilst others are fast (short generation time, lower mean life expectancy and earlier age

at sexual maturity). Until recently, this fast-slow continuum was the primary method to

explain the variation in life histories across the animal kingdom (Gaillard et al., 2005; Oli

& Dobson, 2003).
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Currently, animal life histories are characterized across two axes of life history

variation. To empirically quantify the primary axes of life history variation in animals,

Healy et al. (2019) used a body mass and phylogenetically corrected principal component

analysis (PCA) of life history traits from 121 species. This PCA identified two axes that

collectively explain 71% of the variance in life history traits. These axes include the

fast-slow continuum and the distribution of age-specific reproduction and mortality – this

follows (Salguero-Gómez et al., 2016b) finding a similar pattern in plants (also see Paniw

et al., 2018; Gaillard et al., 2005; Oli and Dobson, 2003). Identifying these two axes of

animal life history variation was immediately impactful for two reasons. First, this result

shows that the distribution of demographic processes, such as survival and reproduction,

is orthogonal to the fast-slow continuum. Therefore, selection for the evenness (e.g.,

constant survival, iteroparity) or skew (e.g., varied survival, semelparity) of demographic

rates across a life history can arise in both slow and fast life histories. Second, this result

connects directly to the Euler-Lotka equation
(
1 =

∑ω
x=1 λ

−xlxmx
)
, another fundamental

equation in demography, which defines survivorship (lx) and reproduction (mx) as vectors

that constrain the mathematical space of possible life histories.

After Healy et al. (2019), the two-axes framework for animal life histories has

fostered new findings. Some examples include:

1. The sensitivity and resilience of a population to temporal autocorrelation and de-

mographic disturbance is strongly correlated with pace-of-life syndrome (temporal

autocorrelation: Paniw et al., 2018; demographic disturbance: Capdevila et al.,

2022).

2. Both terrestrial and aquatic life histories inhabit the same two-axes of life history

variation, but with key differences in their diversity (Capdevila et al., 2020a).

3. Populations can harbour high degrees of interindividual life history variation that

differ across species whilst allowing for high intraspecific variation not described

by the axes (Van De Walle et al., 2023; Hernández et al., 2024).
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4. The two-axes framework aids in predicting the conservation status of various

species in response to anthropogenic disturbance and climate change (Indo-Pacific

fishes: Wang et al., 2020; chelonians and crocodilians: Rodríguez-Caro et al., 2023;

the gray mouse lemur: Ozgul et al., 2023).

Whilst these findings have made new connections between life history theory and

multiple areas of ecology, the two-axes framework is not without its flaws. The two-axes

framework of animal life histories is data and, more specifically, model hungry. To

perform the analysis, life history traits from across the animal kingdom must be derived.

The life history traits are often derived from structured population models – many of which

are stored in open-access databases (Jasilioniene et al., 2015; Levin et al., 2022; Marques

et al., 2018; Salguero-Gómez et al., 2016a; Wilmoth et al., 2021; Bernard et al., 2023).

Whilst these models sometimes contain errors (Che-Castaldo et al., 2020; Gascoigne et al.,

2023c; Kendall et al., 2019), there has been a push for standardizing research practices

around the dissemination of models (Gascoigne et al., 2023c; Simmonds & Jones, 2024).

Thankfully, there has also been a recent push for standardizing the traits used within the

two-axes framework (Stott et al., 2023). This standardization, across model construction,

communication and the comparative inference drawn from them, represents a necessary

next step for reproducibility in research using the two-axes framework (Salguero-Gómez,

2021).

6.3.2 Characterizing variance in life histories within populations

Life histories are not static. Yet, much of the canonical life history literature, from

Pearl (1925) to Charlesworth (1994), and the comparative approaches detailed above

have focused on the expression of average life histories in populations. Currently, the

exploration of variance in life histories within a population is just as, if not more, exciting

and relevant to understand life histories in a changing world.

Variance in life histories can take many different forms. Variance may arise

by relatively complicated mechanisms such as strength of frequency dependence on

demographic processes (Potter et al., 2023) or heterogeneity in parental care in a
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population (Møller & Thornhill, 1998). However, the emergent variance in life history

strategies can be simply categorized into three types: variance within time-steps, variance

across time-steps and variance in life history outcomes (e.g., lifespan, reproductive

output).

Variance within time-steps alludes to the heterogeneity within a population at

time t. This heterogeneity, also called individual variability, may arise due to life history

explicit factors. For example, individuals in a population may vary by genotype, sex,

ontogenetically (e.g., juvenile or adult), by a separate state (e.g., dormancy or dispersal)

or by strategy (e.g., sneakers vs. guarders in Onthophagus beetles; Emlen, 1997). This

heterogeneity is necessary to understand the relative fitness of individuals in a population.

To quantify this relative fitness, researchers often use reproductive value: the discounted

contribution of an individual to future offspring (for a thorough explanation, see: Barton

and Etheridge, 2011 and Grafen, 2006). Using reproductive value, researchers can test

hypotheses as to the evolution of life history strategies in structured populations [e.g.,

senescence in age-structured populations (Newton & Rothery, 1997; Roper et al., 2021),

the evolution of sociality (Roper et al., 2023), bet-hedging (Grafen, 1999) and parasitism

(Andersson, 2017)].

Variance across time-steps, often called environmental stochasticity, refers to

the difference in life history outcomes over time (e.g., from time t to t + 1). To study

life histories in response to environmental stochasticity, researchers often use the tools

of stochastic demography (Tuljapurkar, 1990). This set of tools allows researchers to

quantify the impact of variance across timesteps on life histories. Using these tools,

researchers have identified the demographic mechanisms that drive the emergence of life

history strategies (e.g., demographic buffering: Pfister, 1998; Hilde et al., 2020) – some

of whom were previously thought non-adaptive (e.g., Jongejans et al., 2010; Koons et al.,

2008, 2009; Tuljapurkar et al., 2009a).

Variance in life history outcomes is a relatively new area of study within life

history evolution. Researchers in this field are interested in quantifying (1) the variance

in life history outcomes and (2) what drives this variance. To quantify the variance in
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life history outcomes, researchers often use structured population models to calculate

the expected variance in a life history outcome given a set of demographic processes.

This variance is often referred to as dynamic heterogeneity (Tuljapurkar et al., 2009b) or

individual stochasticity (Caswell, 2009), but confusion about definitions exists (Forsythe

et al., 2021). Research into dynamic heterogeneity has uncoupled: genetic, environmental,

gene by environment (i.e., phenotypic plasticity) and demographic stochastic components

and further provide quantitative estimates of dynamic (neutral) heterogeneity in life

courses that can serve as null models (Snyder & Ellner, 2018, 2022; Steiner et al., 2021;

Van Daalen & Caswell, 2017, 2020; Hernández et al., 2024).

Ideas about dynamic heterogeneity have been perceived with criticism (Cam

et al., 2016) as deterministic perspectives are deeply rooted in our biological thinking –

life history theory in particular. However, both empirical and theoretical research have

illustrated how purely deterministic explanations fall short (Fay et al., 2022a; Snyder

& Ellner, 2022; Enríquez et al., 2022). Individual stochasticity, even though neutral

in itself, slows adaptation (Steiner & Tuljapurkar, 2012) and selective forces might act

in favour of, against, or be close to neutral of the generating processes that drive the

level of individual stochasticity (Steiner & Tuljapurkar, 2023). Such diversity is not

surprising as increased variance in mortality and reproduction can increase individual

stochasticity while reducing fixed heterogeneity but can also increase both components

in some systems (Van Daalen & Caswell, 2020). Variance in reproduction associated to

individual stochasticity is high within and between populations across species and such

variance explains the variation in life history strategies amongst animals and plants to a

similar if not larger degree than mean differences (Enríquez et al., 2022; Hernández et al.,

2024).

6.3.3 Ultimate vs. proximate explanations of life history evolution

In the past, research into animal life history evolution has focused on ultimate (evolu-

tionary) modes of research. Why has selection not resulted in the evolution of solely

semelparous species (Cole’s paradox: Cole, 1954)? What are the necessary conditions

for dormancy/diapause/torpor to be the dominant strategy in a population (Tuljapurkar
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& Istock, 1993; Tuomi et al., 2013)? This focus on ultimate rather than proximate

(mechanistic) research questions arose due to a widely held sentiment that evolutionary

biology was the ideal home for life history theory.

The connection between genotype and phenotype has traditionally been pro-
vided by developmental biology and physiology, fields which have become
increasingly molecular. . . . . . We cannot afford to wait until the molecular
analysis of development and physiology has delivered a few mature summary
statements relevant to individual variation in fitness, for that will take cen-
turies – if it ever happens at all. We must make our own hypotheses and hope
that the molecular connection will come at a later date.

— Stearns (1992, p.10)

Thankfully, this “molecular connection” is now being well explored.

The molecular underpinnings of life history traits are central to life history

research. Over the past 20 years, researchers have uncovered the molecular mechanisms

of senescence – the deterioration of homeostasis and thus vital functions with age (López-

Otín et al., 2013). From telomere shortening (Haussmann and Vleck, 2002; Henriques

and Ferreira, 2012; but see Van De Crommenacker et al., 2022; Heidinger et al., 2012) to

dysregulated physiological pathways (e.g., hyperfunction theory: Blagosklonny, 2006,

2021), and from too much protein (Fanson et al., 2012) to differential resource allocation

(Adler & Bonduriansky, 2014), researchers have identified many proximate explanations

for senescence across the animal kingdom (López-Otín et al., 2013). Furthermore,

mechanisms have also been fleshed out for the other side of life histories - fertility. All

periods of reproduction, from pre-copulation to copulation to post-copulation to post-birth,

contain candidate proximate mechanisms that influence the variation in life histories:

including endogenous insulin/insulin-life growth factor signalling (IIS) (Lind et al., 2019;

Regan et al., 2020; Sepil et al., 2020), target of rapamycin signalling (Alves et al., 2022),

sperm traits (Ni et al., 2016; Sanghvi et al., 2024) and seminal fluid proteins (Hopkins

et al., 2019; Sepil et al., 2020; Wigby et al., 2020) – just to name a few.

One takeaway from this plethora of proximate mechanisms is the lack of gen-

erality. For every life history trait, there is one or many physiological mechanisms that
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impact the generation of the life history trait phenotype. Whilst these mechanisms have

offered a great deal of relevance to developmental biology (Davidson et al., 2023; Emlen

& Nijhout, 2001; Kapali et al., 2022; McDonald et al., 2018; Shingleton et al., 2007;

Simmons & Emlen, 2006) and evolutionary medicine (Stearns & Medzhitov, 2015),

proximate mechanisms alone do not implicate the evolutionary drivers that shape life

histories. To gain this generality, current research programs have linked the proximate

with the ultimate to offer direct links between the two modes of research. Examples of

this integrative approach to life history theory include:

1. Wolves in North America – In Cubaynes et al. (2022), the authors test the hypothesis

that canine distemper virus (CDV) drives the latitudinal distribution of coat colour

in the wolves of North America (i.e., the increased frequency of black coats in

higher latitudes). The authors use a combination of genetics and demographic

models to show that CDV creates a selective pressure for disassortative mating,

due to heterozygous advantage. In turn, Cubaynes et al. (2022) demonstrate how

strength of selection on reproductive strategies can be moderated by genetically

determined pathogen resistance.

2. Drosophila melanogaster and insulin across latitudes – In the lab, researchers have

demonstrated the broad impacts of insulin/insulin-like growth factor signalling

(IIS) on development (Parker & Shingleton, 2011; Shingleton et al., 2005, 2007),

nutrient sensing (McDonald et al., 2021), environmental cues (Kapali et al., 2022;

Regan et al., 2020; Snell-Rood & Moczek, 2012) and life histories (Giannakou &

Partridge, 2007; Sepil et al., 2020) in Drosophila melanogaster. However, there

was no evidence that these lab-based findings were related to the already known

impacts of latitudinal clines on Drosophila life histories (James et al., 1997). To

fill this gap in knowledge, Fabian et al. (2012) explored genome-wide patterns

in latitudinal differentiation in Drosophila melanogaster across the east coast of

North America. Interestingly, they found IIS associated genes (e.g., FOXO and

InR) that differentiated across the latitudinal cline. In turn, genome-wide tools of
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natural populations are able to connect lab-based findings to real world life history

phenomena.

3. Guppies in Trinidad – In Potter et al. (2023), the authors explore the possible

mechanisms that maintain variance in male colouration in a population of guppies.

The authors use a combination of a pedigree (spanning 10 generations), spatial

data and demographic rates to show that variance in male colouration and the

long discussed genetic mechanisms that underpin them (Houde, 1994; Hughes

et al., 2005; Paris et al., 2022) are maintained via female preference for rarity.

This female preference is adaptive due to an indirect benefit on the fitness of their

“sexy sons.” In turn Potter et al. (2023) show that female preference is sufficient to

promote variance in genetically determined male secondary sexual signals – also

see Kvalnes et al. (2022) for a similar, but density-dependent, case in barn owls.

These examples demonstrate how ultimate and proximate questions can be

integrated to advance our understanding of life history evolution. Admittedly, these

studies are built on great deals of hard-fought longitudinal data, making the scaling of

this inference across taxa especially challenging. Thankfully, developments in the ways

we model populations are making this obstacle progressively smaller (Bocedi et al., 2021;

Coulson et al., 2021; Wilson et al., 2010).

6.4 Gaps in knowledge and recommended future direc-
tions

Here, we suggest future directions in animal life history evolution, each of which targets

a specific gap in knowledge. We first describe the gap in knowledge and then outline

research programs that may address these gaps and, possibly, offer new insights.

6.4.1 Where does selection act in the construction of a life history
strategy?

There are two reasons why studying the evolution of life histories remains difficult.
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First, defining fitness is problematic (Smith, 1983). In theory, fitness is easy to

determine: the genetic contribution of an individual to successive generations relative

to other individuals in the population. However, in the real world, fitness is harder to

quantify. This difficulty is partly due to the multi-faceted nature of fitness. The fitness of

an individual is determined by multiple components – e.g., offspring number, offspring

quality, parental care, social status. Each of these components combines to generate

the sum total fitness we, as life history theorists, are interested in. Out of practicality,

researchers often use life history traits as proxies of fitness (see Fig. 6.2). The basis

for this approximate approach is in both ease and phenotypic correlations often being

reasonable proxies for genetic correlations (see Cheverud’s conjecture: Cheverud, 1988).

Unfortunately, this approximation may lead to bias and misrepresent the fitness profile of

individuals in a population (Pick, 2023).

The second reason why studying the evolution of life histories remains difficult

is due to the complexity in modelling the evolution of life history strategies. Reverting

back to the definition, a life history strategy is the sequence and timings of events in an

individual’s lifespan, governed by underlying vital rates, that contribute both to individual

fitness and broader population dynamics. Of this series of events, researchers usually only

capture a subset in a demographic model or a lab-based study. For example, demographic

models rarely include mate choice mechanisms (despite their abundance: Westneat

et al., 2000; Woodman et al., 2023), the impact of transgenerational effects (despite their

abundance: Crean and Bonduriansky, 2014; Skinner, 2016) and behaviours that have

direct impacts on individual fitness (e.g., the Bogert effect: Bogert, 1949). All in all,

this modelling constraint leaves the researcher with a dilemma: What events and timings

are necessary to include when modelling a life history strategy? Is there such a thing as

a model that is too complex, or not complex enough? Currently, researchers have not

defined the criteria for the inclusion of a variable in a life history model; however, there

are strong arguments against the inclusion of anything and everything (Borges, 1999;

Caswell, 2019b, p.6).
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Figure 6.2: The complexities of life history evolution. Here, we show how the current
toolbox of demographic methods reveal the inherent complexity of life history evolution. Life
history traits, often used as proxies of fitness (W), have both direct (black arrows) and indirect
(coloured arrows, i.e., via covariances/trade-offs with other life history traits) impacts on
fitness. Furthermore, life history traits themselves are constructed by underlying demographic
rates and, at a deeper level, vital rates, which exhibit the same nested complexities of direct
and indirect impacts on fitness. The blue arrows show that selection can act at all of these
underlying levels. Below demographic rates and vital rates, environmental factors (e.g.,
resource availability) can influence and constrain the realized vital rates, further complicating
the expression of life history traits and their covariance structure (De Jong & Van Noordwijk,
1992; Metcalf, 2016; Van Noordwijk & De Jong, 1986).
* It is worth noting that in a life history solely structured by age, development and survival
are identical. The partitioning of development and survival processes is useful in size or stage
structured life histories.

To address these difficulties, we recommend two approaches. First, we rec-

ommend a trait-based approach as presented in Coulson (2021). In this approach, life

histories can be viewed through one focal life history trait (i.e. body size) using for

instance an integral projection model approach (Easterling et al., 2000; Ellner et al., 2016)

or individual based modelling frameworks (Bocedi et al., 2021). Within this framework, a

series of resource accrual traits are selected upon to optimize body size given a set of eco-

evolutionary feedback loops. By using body size as the metric of interest, Coulson (2021)

shows how perturbation analyses can be used to define the eco-evolutionary determinants
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of body size. This modelling approach (also see Coulson et al., 2021), whilst scalable,

loses the complexities offered by previous demographic approaches. In turn, we also

recommend a second approach which involves variance decomposition.

Both population ecologists and population geneticists have developed variance

decomposition techniques to identify the drivers of system-wide behaviour through

demographic rates or allele frequencies, respectively. These methods are life table

response experiments (Caswell, 1996a, 2010; Hernández et al., 2023) and quantitative

trait loci (QTL)/genome-wide association studies (GWAS) (e.g., Ivanov et al., 2015).

Whilst methods exist to knit together structured demographic models and genetic structure

(De Vries & Caswell, 2019; Steiner et al., 2021), researchers currently do not have a tool

to explore the genetic underpinnings of life history traits without a known link between

a gene and a life history trait a priori. To build and test these models, we recommend

using tractable model systems, such as Drosophila melanogaster and Caenorhabditis

elegans, due to the readily available tools for GWAS/QTL studies and the easily modelled

life history due to discrete ontogenetic stages. These models would thus represent

ideal avenues for research programmes focussed on integrating ultimate and proximate

understandings of life history evolution.

6.4.2 The issue of time in studying life histories

Currently, life history evolution has not addressed the problem of time. Specifically, time

is relative. Here, we are not talking about how animals perceive time [this is a topic we

will leave to other fields (Roberts, 2002; Zentall, 2005)]. Instead, we are discussing how

time within the life history of an animal relates to the temporal pattern of events it senses

in its environment.

Life histories and environments are temporally explicit processes. Whether we

are discussing an age (e.g., Holmes and York, 2003), stage (e.g., Crouse et al., 1987) or

size (e.g., Bassar et al., 2015) structured life history, individuals change state (i.e., growth,

progression, shrinkage, retrogression), stay in the same state (i.e., stasis), reproduce or

die across timesteps t to t + 1. We note this would also work in the continuous case across
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dt. As a consequence of the temporal nature of life histories, many of the life history

traits we derive are also temporally explicit (e.g., generation time, age at sexual maturity,

expected lifespan). In addition, environments are also temporally explicit. Whether we

are discussing yearly (Hansen et al., 2019), monthly (Paniw et al., 2019), weekly (Wood

et al., 2023) or even shorter timeframes (Jouvet et al., 2018), environment components

are also structured across timesteps t to t + 1, or dt. We outline these obvious facts as

it is the combination of the life history and environment timeframes where life history

research gets messy (Tuljapurkar, 2023).

Previous research analysing the role of environment components has been

agnostic as to the mismatched timeframes of life histories and environment regimes.

In other words, researchers estimate the impacts of environment components on life

histories across timesteps relevant to an environment component (Vinton et al., 2022),

not the life history in question (but see Post, 2019; Park, 2019; Park and Post, 2022; Park

and Wootton, 2021; Healy et al., 2013). This line of research is valuable from the point

of view of conservation biologists as it is useful to estimate environment contributions

toward broader population dynamics, however this does not allow us to interpret how

life histories evolve. To illustrate this point, let us imagine two populations of interest,

a mosquito population and an elephant population. Whilst El Niño and La Niña may

have dramatic consequences on the size of the mosquito population at a certain point in

time (Heft & Walton, 2008; Reisen et al., 2008), a timeframe of two to seven years is

not small enough to fit within a life history of a mosquito. For the elephant, however, a

two-to-seven-year timeframe is sufficient to disrupt life histories to the point of altering

life history outcomes (Li & Ramula, 2015). To put the shoe on the other foot, daily

predictable gusts of wind may have an impact on mosquito life history evolution (Endo &

Eltahir, 2018; Wong & Jim, 2017) but likely does not impact the evolution of elephant

life histories due to a timeframe disparity. In turn, whilst the impacts of environment

regimes (agnostic of life history timeframes) on population dynamics is important, they

do not necessarily inform the impacts of environment regimes on life history evolution.
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To fill this gap in knowledge, we recommend accounting for generation time

when analysing the impacts of environment components on life history evolution (Fig.

6.3a-d). We hypothesize that this standardization will demonstrate the degree to which

life histories are able to accommodate environment components. We further hypothesize

that this standardization will have important implications for the role of plastic/tracking vs.

canalized/buffered strategies (Fig. 6.3e,f). Plastic strategies for life histories in variable

environments have been discussed at length over the past twenty years (King & Hadfield,

2019; Koons et al., 2009; Snell-Rood, 2013; Sultan & Spencer, 2002; Vinton et al., 2022;

West-Eberhard, 2003; Xue & Leibler, 2018), but, up until now, the impact of generation

time has not been linked.

To test these hypotheses, we recommend a combination of comparative studies,

theoretical modelling and experimental manipulations. Comparative analyses have

brought great insights to animal life history evolution (Capdevila et al., 2020a, 2022; Healy

et al., 2019). A reanalysis of some of these results, accounting for generation time, may

yield findings indicating how well populations deal with the environments they experience

across their life history (Fig. 6.3a-d). In addition, we recommend modelling approaches of

stochastic environments built on underlying spectra (e.g., 1/f noise: Halley, 1996; Halley

and Inchausti, 2004) to test the degree to which life histories evolve plastic or canalized

strategies based on how environments contribute to the evolution of phenotypic plasticity

(Dupont et al., 2023; Hoffmann & Bridle, 2022; Vinton et al., 2022, 2023). And lastly,

multiple model organisms represent candidate systmes to test the role of time in life history

evolution. Some potential model systems Callosobruchus maculatus (see Lustenhouwer

et al., 2023; Sanghvi et al., 2022; Bull and Bonsall, 2008), Drosophila melanogaster (see

Kubrak et al., 2017; Long, 1970; Overgaard et al., 2011), Caenorhabditis elegans (see

Dey et al., 2016) and Escherichia coli (see Jouvet et al., 2018).
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Figure 6.3: Accounting for time in both life histories and the environment in our
understanding of life history evolution. Here, we show the impact of pace of life syndrome
on inferences of life histories in variable environments. Previous research has shown broad
relationships between the impact of environment variance [a, (Morris et al., 2008; Paniw et al.,
2018)] and disturbance regimes [c, (Capdevila et al., 2022; Compagnoni et al., 2021)] across
slow and fast life histories. Whilst informative for conservation purposes, this approach does
not account for the timeframe within which life histories take place – a necessary consideration
to understand life history evolution in variable environments. In turn, we propose a new line
of research measuring the impact of environment variability (b) and disturbance regimes
(d) accounting for generation time (T). This analysis would indicate the degree to which
a life history is responsive or stable in environmental regimes relative to the life history’s
timeframe. Furthermore, this approach has broad implications connecting life histories
in variable environments to the evolution of phenotypic plasticity. (e) Depending on the
timeframe within which the life history takes place, individuals may be exposed to relatively
stable average environment values across generations (species A) or relatively unstable
average environment values across generations (species C) – from the same environment. The
differences only arise due to differences in generation time. The implications of this mismatch
in generation time is that species A may evolve plasticity mechanisms that allow it to track its
environment, more so than species B and C, due to generation time (also see Dupont et al.,
2023; Hoffmann and Bridle, 2022; Vinton et al., 2023).
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6.5 Concluding remarks

Here, we offer a cross-section of the integrative field that is animal life history evolution.

The current perspectives and future directions outlined in this manuscript are in no way

exhaustive but are constructed as a resource to both review the current state-of-affairs

in animal life history research and present frontiers for exploration. We fully expect the

ideas relayed across this manuscript to develop, grow and maybe change as these frontiers

are pushed – we leave this to the reader.

To close, we end with an important reminder. A life history is not a “thing”; one

cannot physically grasp a life history. Instead, a life history strategy is an abstraction used

to define the complex life course of individuals, from birth to death, in an evolutionary

and ecological context. It is important for researchers to remember this abstraction when

relaying their findings. Within life history theory, results are always context-dependent

and subject to deserved scrutiny. However, through a push for generality, we progress to

understanding the truths by which organisms make their way from t to t + 1.
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I love it when a plan comes together.

— John "Hannibal" Smith
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7.1 Preamble

In this dissertation, I have studied the concept of demographic buffering – the means

by which natural populations reduce the impact of environmental stochasticity on their

population growth rate. This work has yielded:

1. A clarification on what buffering actually means in ecological modelling (Chapter

131
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2).

2. A demonstration of how to use summed stochastic elasticities of variance
∑

Eσ2

ai j

and second derivatives to quantify demographic buffering (Chapter 3).

3. A study that shows how demographic buffering is impacted by environmental

variance and autocorrelation through distinct demographic mechanisms (Chapter

4).

4. A study that shows
∑

Eσ2

ai j
to be an effective measure of demographic buffering

(Chapter 5).

5. A review of the broad ideas surrounding animal life history evolution and where

life history research may move in the future (Chapter 6).

Here, I will first provide a brief synopsis of the take-home messages of this doctoral

dissertation. Second, I will identify two key ways in which this dissertation connects

with the literature on demographic buffering – specifically with regard to the
∑

Eσ2

ai j
and

counterfactual approaches to nonlinear systems. And third, I will outline future directions

for research into demographic buffering - not already discussed in Chapter 6.

7.2 Brief synopsis

This dissertation identifies the mechanisms that underly demographic buffering and

introduces a method to quantify demographic buffering in structured populations. Across

this dissertation, demographic buffering has been linked to two demographic mechanisms:

demographic rates (Chp. 3, 4, 5) and population structure (Chp. 4, 5). Demographic rates

and population structure hold up to the standard of buffering mechanisms as they fulfill

the criteria laid out in Chapter 2. Specifically:

1. With regard to being perturbation specific, the impacts of demographic rates and

population structure toward demographic buffering are specifically in response to

environmental stochasticity.
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2. With regard to being an intrinsic mechanism, both demographic rates and popula-

tion structure are necessary for the projection of a structured populations across

timesteps.

3. With regard to having a focal metric, the impacts of demographic rates and

population structure on demographic buffering are quantified with respect to λs.

4. With regard to having a benchmark, the degree to which demographic rates and

population structure buffer a population in a stochastic environment is quantified

by the logged difference between the arithmetic mean population growth rate (λ1)

and the geometric mean population growth rate (λs).

In addition to identifying these mechanisms, this dissertation has broadly char-

acterized
∑

Eσ2

ai j
as a measure of demographic buffering (Chp. 3, 4, 5). For between-

population level inferences of demographic buffering,
∑

Eσ2

ai j
represents an effective tool

for quantifying demographic buffering for interspecies comparisons (Chp. 3) as well as

comparisons of the same population under different environmental scenarios (Chp. 4,

5). Furthermore, demographic buffering can also be explored at the within-population

level (at the demographic rate level) by using first-order derivatives (i.e., elasticities of

population growth rate with respect to demographic rates) and second-order derivatives

(i.e., self-second derivatives of population growth rate with respect to demographic rates)

(Chp. 3).

Regarding how
∑

Eσ2

ai j
responds to stochastic environments, Chapter 4 shows

how environmental variance and environmental autocorrelation impact
∑

Eσ2

ai j
through

distinct demographic mechanisms. Specifically, environment variance impacts
∑

Eσ2

ai j

through demographic rate variance [as predicted from Tuljapurkar (1982, 1989, 1990)]

and environmental autocorrelation impacts
∑

Eσ2

ai j
through shifts in population structure

[as predicted from Tuljapurkar and Haridas (2006)]. And, to confirm that
∑

Eσ2

ai j
is

an appropriate measure of demographic buffering, the efficacy of
∑

Eσ2

ai j
as a measure

of demographic buffering was also compared to other measures (i.e., the Spearman’s ρ

correlation of elasticitites of λ and coefficient of variation values associated with individual
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demographic rates and two quantities derived from Tuljapurkar’s approximation Vs,

Vs + Vc) in Chapter 5, where
∑

Eσ2

ai j
was identified as the most effective.

And finally, Chapter 6 synthesizes a large body of literature within life history

theory and specifically outlined two major research programs that represent new frontiers

for life history theorists which are intimately connected to the topic of demographic

buffering1 – i.e., identifying where selection act in the construction of a life history

strategy and the problem of time in life history evolution.

7.3 On the use of stochastic elasticities

One of the primary takeaways of this dissertation is the utility of the summation of stochas-

tic elasticities of variance
(∑

Eσ2

ai j

)
for the study of demographic buffering. Chapters 3, 4

and 5 individually argue for why
∑

Eσ2

ai j
is particularly useful for quantifying demographic

buffering. However, two arguments for the utility of
∑

Eσ2

ai j
remain unexplained –

specifically regarding definition and the number of demographic rates. In turn, here

I will outline these arguments, stemming from the literature and this dissertation, that∑
Eσ2

ai j
represents a useful measure of demographic buffering in structured populations.

7.3.1 Utility based on definition

Across this dissertation, demographic buffering has been defined as the ability of a

population to accommodate the often negative impacts of environmental stochasticity

on population growth rate (see page 7). Since population dynamics are governed

by underlying demographic rates (e.g., survival, growth, reproduction), demographic

buffering is attributed to the collection of demographic rates that govern a population’s

dynamics, as it is the interaction of these rates that determine the sensitivity of a population

to environmental stochasticity (Tuljapurkar et al., 2003).

The sensitivity of a population to environmental stochasticity is best expressed

by Tuljapurkar’s approximation [as detailed on pages 9 and 95, Tuljapurkar (1982, 1989,

1For an additional line of future research that bridges the gap between life history evolution and
stochastic demography, see Appendix B.
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1990)].

log(λs) ≈ log(λ1) −
1
2

∑
i j

e2
i jCV2

i j +
∑
i j,kl

ei jekl

(
cov(ai j, akl)

āi j ākl

) (7.1)

In addition to quantifying the impact of environmental stochasticity on population dynam-

ics, Tuljapurkar’s approximation also allows a quantification of demographic buffering

based on this small-noise approximation – the summed quantity in the square brackets.

In other words, the quantity in the square brackets of Tuljapurkar’s approximation (Eq.

7.1) represents a mathematical approach to quantify the extent to which a population’s

demographic rates make it more or less sensitive to environmental stochasticity. And,

since Tuljapurkar’s approximation can be rewritten as,

log(λs) ≈ log(λ1) +
1
2

[∑
Eσ2

ai j

]
, (7.2)

∑
Eσ2

ai j
represents a measure of demographic buffering supported by both the definition of

demographic buffering and Tuljapurkar’s approximation. However, the most common

method of quantifying demographic buffering is not directly supported in this way.

Across the literature, the most common method used to quantify demographic

buffering is the correlation method (see Hilde et al., 2020). Specifically, most studies that

measure demographic buffering use regressions of elasticities/sensitivities of population

growth rate with respect to the coefficient of variation (CV)/variance (σ2) of demographic

rates through time (as per Pfister, 1998). Whilst the basis for the correlation method

comes from Tuljapurkar’s approximation2, the output of the correlation method has no

direct relationship to how the population will respond to environmental stochasticity.

For example, imagine two populations (population A and population B) of the same

species for whom the Spearman’s ρ correlations between elasticities of population growth

rate (λ) and demographic rate CV are measure. Let’s say that the correlation method

outputs Spearman’s ρ coefficients of -0.7 and -0.1 for populations A and B, respectively.

Given the logic of the correlation method, one can infer that both populations A and B

are demographically buffered. However, from the infomation above alone one cannot

infer that population A is less sensitive to environmental stochasticity than population B.

2As described on page 96.
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This lack of inference is due to no direction connection between the correlation method

and Tuljapurkar’s approximation. On the other hand, if
∑

Eσ2

ai j
is quantified for both

populations A and B and the emerging estimates are -0.05 and -0.5, respectively, then

one can infer that population A’s demographic rates make population A 10 times less

sensitive to environmental stochasticity than population B. In turn,
∑

Eσ2

ai j
is a measure

of demographic buffering that is intimately connected to Tuljapurkar’s approximation

(see the square brackets of Equations 7.1 and 7.2). Thus
∑

Eσ2

ai j
first the definition of

demographic buffering, whilst the correlation method (ρ) does not.

7.3.2 Utility across the number of demographic rates

The second argument for the utility of
∑

Eσ2

ai j
as a measure of demographic buffering

over other existing metrics is with respect to the number of demographic rates. The

metric
∑

Eσ2

ai j
is a measure of demographic buffering that is a agnostic to the number

of demographic rates involved in the population model. In other words, whether the

population is modelled by a time series of 2×2 matrix population models (Caswell, 2001)

(e.g., two discrete stages in the life cycle, say juveniles and adults) or an integral projection

model (Easterling et al., 2000; Ellner et al., 2016) discretized into a 1, 000 × 1, 000 mesh,∑
Eσ2

ai j
is calculable and unbiased by the dimensionality of the population of interest (see

values of
∑

Eσ2

ai j
in Chapters 3 and 4). However, the same cannot be said for the correlation

method.

The correlation method of demographic buffering often involves calculating the

Spearman’s ρ coefficient of elasticities/sensitivities of population growth rate with respect

to CV/variance of demographic rates (Hilde et al., 2020; Pfister, 1998). Admittedly,

previous work has shown that the correlation method can result in “spurious correlations”

due to the finite domain of some demographic rates (Morris & Doak, 2004) – e.g., since

survival rates can only vary between 0 and 1, the maximum possible variance of a mean

survival of 0.5 is far greater than that of a survival rate of 0.993. However, the biases of

3Specifically, Morris and Doak (2004) recommend scaling the variances (σ2) and coefficients of variance
(CV) of demographic rates relative to their maximal possible of σ2 and CV. In turn, the corrected σ2and

CV of survival values (p) can be calculated by dividing the raw σ2 and CV values by p(1 − p) and
√

1−p
p ,

respectively.
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the correlation method include more than the problems of variance – the Spearman’s ρ

coefficients themselves are a form of bias.

To illustrate how bias can arise from Spearman’s ρ correlations, one can ask:

What does the null distribution of the Spearman ρ coefficients look like? And, does

the number of demographic rates impact the shape of this distribution? In reality, the

number of demographic rates substantially transforms the shape of the null distribution

of Spearman’s ρ coefficients (Fig. 7.1). The reason for the impact of demographic rate

number on Spearman’s ρ correlation coefficients is simple. The number of demographic

rates that project a population from time t to time t + 1 is finite. In turn, the number

of combinations of rank-orders across demographic rates is also finite (i.e., ranking

demographic rates first to last across their elasticity and coefficients of variation). For

example, if a population is modelled using three demographic rates [e.g., (1) progression

from the juvenile stage to the adult stage, (2) stasis within the adult stage and (3) adult

reproduction of new juveniles], only four possible Spearman’s ρ coefficients can be

calculated (i.e., -1, -0.5, 0.5 and 1; Fig. 7.1b). This particular scenario is especially

problematic in studies that use both negative and positive values of Spearman’s ρ as

representations of demographic buffering and demographic lability, respectively (Hilde

et al., 2020; McDonald et al., 2017). Therefore, the correlation method for determining

demographic buffering is biased by the number of demographic rates analysed.
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Figure 7.1: The number of demographic rates biases the null distribution of Spearman’s
ρ coefficient values. Above shows the null-distribution of Spearman’s ρ coefficient values for
sets ranging from 2 values (a) to 10 values (i). These null distributions were generated from
100,000 randomly generated rank-orders and then plotted using a density function.

To summarize,
∑

Eσ2

ai j
represents an unbiased metric of demographic buffering as

its values are unbiased by the number of demographic rates. However, the correlation

method is biased as the null distribution of Spearman ρ coefficients (1) does not span the

domain from -1 to 1 in a unimodal fashion (e.g., Fig. 7.1a-d) and (2) shifts corresponding

to the number of demographic rates analysed.

7.4 Counterfactual approaches to nonlinear systems

Across this dissertation, counterfactuals (i.e., alternative representations of a real system)

have been used to study demographic buffering. For example, in Chapter 4, environmental

autocorrelation and variance were manipulated to illustrate the response of
∑

Eσ2

ai j
(Fig.

4.3), mean buffered size (Fig. 4.4) and the contributions of demographic rates (Fig. 4.5)

across these two axes. Furthermore, in Chapter 5, the demographic rates associated

with individual stage classes and all stage classes were stabilized (i.e., kept constant
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through time or scaled closer their mean values) to compare and contrast the efficacy of

four alternative measures of demographic buffering (Figs. 5.3, 5.4). Admittedly, this

counterfactual approach is not the only way these research questions could have been

answered. A great deal of theory has been developed to show how populations respond

to stochastic environments (Jaggi et al., 2023; Klinkhamer & Jong, 1983; Orzack, 1985;

Orzack & Tuljapurkar, 1989; Roerdink, 1988, 1989; Tuljapurkar, 1982, 1989, 1990;

Tuljapurkar et al., 2009a; Tuljapurkar & Haridas, 2006; Tuljapurkar & Istock, 1993;

Wiener & Tuljapurkar, 1994). So, why did this dissertation not use analytic methods? The

reason for this counterfactual approach is based on non-linearity of population responses

to variable environments and the high dimensionality of integral projection models.

The research conducted within this dissertation is explicitly focused on a nonlin-

ear system. Briefly put, the definition of a nonlinear system is the mapping of an input to an

output where a proportional change in the input does not result in a proportional change in

the output4. And, with respect to this dissertation, the response of populations to stochastic

environments is an example of a non-linear system. When discussing environmental

autocorrelation and variance (as in Chapter 4), proportional increases in autocorrelation,

variance and their interaction do not lead to proportional changes in population dynamics.

Whilst Tuljapurkar’s approximation (Eq. 7.1, 7.2) linearizes the system to approximate

these proportional contributions, the utility of Tuljapurkar’s approximation breaks down

as environmental stochasticity increases. Simply put, Tuljapurkar’s approximation is a

small noise approximation – i.e., a Taylor expansion relating the geometric mean (λs) to

the arithmetic mean (λ1) based on small variances in underlying parameters (demographic

rates, ai j). In turn, to explore how populations respond to environmental stochasticity

(Chapter 4) and test for efficacy (Chapter 5), new counterfactual methods were generated.

Counterfactual methods are common tools in stochastic demography. From

perturbation analysis (Morris & Doak, 2002), process-based modelling (Bocedi et al.,

2021; Lustenhouwer et al., 2023) to life history evolution (Travis et al., 2021), counterfac-

tual methods are tools utilized across ecology and evolution to understand the response

4For a detailed explanation of how simple nonlinear systems lead to complex dynamics, see May (1976).
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of nonlinear systems. These tools are often employed when analytical solutions are

unknown, uninformative or intractable. For example, in Chapters 4 and 5, the following

equation was used to calculate stochastic elasticities of variance:∑
Eσ2

ai j
=

∑[
var(ai j)
λs

×
λ
∗ai j
s − λs

0.00001 × var(ai j)

]
. (7.3)

This equation calculates
∑

Eσ2

ai j
using a series of counterfactuals. In other words,

∑
Eσ2

ai j
is

calculated by:

1. Re-running a projection of the population in a stochastic environment where the

variance of individual demographic rates is proportionally increased (by a factor of

0.00001 × var(ai j)).

2. Calculating a new stochastic population growth rate arising from the perturbation

(λ∗ai j
s ) and subtracting the stochastic population growth rate associated with the

population (λs).

3. Summing all the differences proportional to the variance of the demographic rates

divided by λs.

Yet, the calculation of
∑

Eσ2

ai j
can be achieved analytically (as in Chapter 3, see Haridas

and Tuljapurkar, 2005). So, why not use this approach in Chapters 4 and 5? The reason,

we chose a counterfactual approach is due to the scale of the nonlinear system. In Chapter

3, low-dimensional MPMs were used with relatively low numbers of timesteps. However,

in Chapters 4 and 5, populations represented high-dimensional IPMs that were projected

across 1,000 timesteps. In turn, the eigen-decomposition of these systems was intractable

– thereby supporting our counterfactual approach.

7.5 Future work

7.5.1 Connecting
∑

Eσ2

ai j
to second derivatives of population growth

rate

In Chapter 3, I outline a unified framework to quantify demographic buffering in natural

populations. Specifically, within this framework, we show how demographic buffering



7. Discussion 141

between populations can be quantified using
∑

Eσ2

ai j
. And, we showed how demographic

buffering within populations can be quantified using second derivatives of population

growth rate. These two measures lend a new perspective on demographic buffering

by explicitly stating the levels at which demographic buffering can take place – i.e.,

between vs. within populations. However, across this dissertation, these two levels

have not been connected. For example, the works in Chapters 4 and 5 are specifically

focused on the between population level and
∑

Eσ2

ai j
, not the within population level and

second derivatives. Interestingly, this dichotomy is not absolute and, thus, represents an

exciting avenue of research that may bridge the gap between demographic buffering and

demographic lability.

The literature on demographic buffering and demographic lability has often

pitched these two demographic strategies against each other – as opposite sides of the

same coin (Hilde et al., 2020; McDonald et al., 2017; Salguero-Gómez, 2021). However,

this perspective overlooks a key difference between the two strategies. As discussed on

page 7, demographic buffering is an environment – vital reaction norm agnostic metric.

In other words, demographic buffering assumes a negative impact of environmental

stochasticity on population growth rate (see page 15). On the other hand, demographic

lability is an environment – vital rate reaction norm informed metric. Specifically,

demographic lability can arise if the reaction norm between a fitness related trait (e.g.,

demographic rate) and an environment parameter is ∪-shaped (i.e., convex). Importantly,

second derivatives of population growth rate explicitly measure the convexity/concavity

of environment – vital rate reaction norms, not
∑

Eσ2

ai j
.

Recent work in demographic lability has generated a generalizable metric to

quantify demographic lability in structured populations. Le Coeur et al. (2022) shows how

to quantify the strength of convexity and concavity using second derivatives of population

growth rate to generate a nonlinearity index (D). This nonlinearity index explicitly tests for

demographic lability in structured populations. The work in this dissertation has aimed to

do the same for demographic buffering. In turn, stitching together demographic buffering

(as measured by
∑

Eσ2

ai j
) and demographic lability (as measured by the nonlinearity index
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D) represents an exciting frontier in stochastic demography. Since these methods are

distinct, we can test whether demographic buffering and demographic lability are in fact

opposite sides of the same coin or whether buffering and lability can arise independently

in structured populations.

7.5.2 Connecting demographic buffering to life history evolution

One of the weaknesses of the demographic buffering literature is with regard to causal

evolutionary mechanisms. Whilst demographic buffering emerges in populations as an

ecological response to stochastic environments (Pfister, 1998; Hilde et al., 2020), the

evolutionary contribution towards the demographic buffering phenomenon represents a

key gap in knowledge (although see Koons et al., 2009; Barraquand and Yoccoz, 2013).

For example, whilst Chapter 4 clearly outlined how demographic rates and population

structured mediate the impacts of environmental variance and autocorrelation, the question

as to why these mechanisms exist remains unanswered. In other words, does demographic

buffering arise as an evolved response of a population to a variable environment? Or, is

demographic buffering the result of a constraint imposed by stochastic environments on

structured populations?

To answer the question as to whether demographic buffering is an evolved

response, high resolution longitudinal data is required. Specifically, natural or laboratory

populations who have been exposed to changes in environmental stochasticity across gen-

erations would be necessary to answer this question. Some candidate natural populations

for this study include the Soay Sheep (Ovis aries; Childs et al., 2011; Clutton-Brock and

Pemberton, 2004; Coulson et al., 2001; Milner et al., 1999), Rum deer (Cervus elaphus;

Nussey et al., 2008), Svalbard reindeer (Rangifer tarandus platyrhynchus; Hansen et al.,

2019) or Dewy pines (Drosophyllum lusitanicum; Conquet et al., 2023). Some candidate

laboratory populations include Drosophila melanogaster (James et al., 1997; Marshall &

Sinclair, 2010), Callosobruchus maculatus (Bull & Bonsall, 2008) and Escherichia coli

(Jouvet et al., 2018).
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To test whether demographic buffering is an evolved response in structured

populations, two analyses can be performed. The first analysis includes a moving window

analysis (see Bahlai et al., 2021) where
∑

Eσ2

ai j
is calculated across a timeline where

environmental stochasticity also varies. Specifically,
∑

Eσ2

ai j
would be calculated using

discrete temporal bins (e.g., 3 timesteps) starting from the beginning of the time series

to the last timestep (ω) in increments of one timestep (e.g.,
∑

Eσ2

ai j
would be calculated

for timesteps 1 to 3, 2 to 4, 3 to 5, . . . . . . , ω − 3 to ω − 1, ω − 2 to ω). If demographic

buffering is an evolved response, we would first predict a cross-taxonomic pattern where

degrees of demographic buffering are positively associated with degrees of environmental

stochasticity. The second analysis includes a common garden experiment. After finding

the cross-taxonomic pattern from natural and laboratory populations, common garden

experiments can be performed on populations reared in either a stochastic or constant

environment. The common garden experiment will be used to test whether the evolved

increase in demographic buffering in the stochastic environment population confers a

fitness advantage when compared to the constant environment population.

Admittedly, this line of research does not preclude the analysis of demographic

lability in these systems. In turn, if the first line of proposed future work is accomplished

(i.e., connecting demographic buffering and lability using
∑

Eσ2

ai j
and second derivatives),

this second line of research could also be used to test under what circumstances do

demographic buffering and demographic lability evolve.

7.5.3 Comparative demographic buffering in stochastic environments

One of the methodological limitations of the work performed in Chapters 4 and 5 is

in regard to how stochasticity is included in the IPMs. Across these chapters, we

used parameter-stochastic IPMs – i.e., IPMs whose vital rate regression coefficients

are functions of one or more environmental variables (see Appendix A). This IPM

structure easily lends itself for simulation studies as the generation of a 1,000 kernel time

series is relatively simple. However, most population models of structured populations in

variable environments are not parameter-stochastic. Instead, most models are stochastic at

the level of the K-kernel (for IPMs) or matrix (for MPMs). This difference is non-trivial
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for the scaling of Chapter 4 (i.e., the study of demographic buffering across a parameter

space of environmental autocorrelation and variance) across the tree of life.

Altering the environmental variance of a matrix-stochastic set of MPMs is

relatively simple5. However, the difficulty lies in altering environmental autocorrelation.

In chapter 4, environmental autocorrelation was implemented at the parameter level

through a first order autoregressive function.

Xt+1 = φXt + ϵt+1 (7.4)

Here, φ represents the degree of autocorrelation across time steps whilst, ϵt+1 represents

white noise (i.e., random draws from a normal distribution, ϵ ∼ N(0, 1)). However, this

method is not possible for discrete states – e.g., a matrix-stochastic set of MPMs.

Previous work testing the impact of discrete environmental autocorrelation on

population dynamics has primarily focused on two-state scenarios – i.e., good vs. bad

environments (Paniw et al., 2018; Smallegange et al., 2014; Tuljapurkar & Haridas, 2006).

The primary reason for the focus on two-state scenarios is due to the ease in implementing

the environment in the form of a stochastic matrix M:

M =
[

pg pb

1 − pg 1 − pb

]
(7.5)

Here, the probabilities pg and pb represent the probabilities of transitioning to the good

environment across timesteps from the good and bad environments, respectively. In

addition to this simplicity, autocorrelation can be implemented with the parameterization

of good vs. bad environment frequencies a priori (see Tuljapurkar and Haridas, 2006).

However, this format has not been generalized to more than two states which poses a

serious impediment to the scaling of Chapter 4 across the tree of life. In turn, future work

must focus on building these methods.
5The rescaling of environmental variance in a set of MPMs can be achieved by rescaling MPMs within

the set (Ax) relative to their difference in population growth rate (λx) from the population growth rate
associate with the mean matrix (λ1). In other words, the rescaled value of Ax (A′x) can be calculated as
A′x = Ax

(
λ1+α(λx−λ1)

λx

)
where α is the rescaling parameter. This rescaling approach is just as intuitive as how

proportional variances were used in Chapter 4 - i.e., if α = 0: all matrices rescaled to λ1; if 0 < α < 1 = 0:
all matrices rescaled so the distribution of population growth rate values is closer to λ1; if α = 1: all
matrices remain the same; and if α > 1: all matrices are rescaled so the distribution of population growth
rate values is further from λ1.
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A method to build stochastic matrices for more than two states

Here, I discuss a framework to build stochastic matrices for more than two states in order

to scale the work in Chapter 4 across the tree of life.

First, to build these stochastic matrices, an assumption must be made about how

heterogeneity is to be treated across the different states. For example, if a population has

three associated MPMs (named A, B and C) across different environments:

• Should the differences between these MPMs be based on identity - e.g., nominally

by defining MPMs by their names A, B and C?

• Should the differences between these MPMs be based on their rank-order in

population growth rate (λ) - e.g., ordinally by ranking MPMs A, B and C by

λ from lowest to highest?

• Or, should the differences between these MPMs be based on their absolute differ-

ences in population growth rate (λ) – e.g., continuously by ranking MPMs A, B and

C by their differences in raw λ values?

Admittedly, these distinctions are important but cannot be answered in this discussion.

However, below I outline a potential mathematical formulation of stochastic matrices for

states structured nominally, ordinally and continuously to hopefully scale these methods

in the future.

For nominally structured states, the parameterization of the stochastic matrix is

quite simple. In the nominal case, autocorrelation relates to the probability of being in

the same state across timesteps. For example, an autocorrelation value of 1 means the

environment sampled at time t and t + 1 must be the same. An autocorrelation value of 0

refers to white noise – i.e., equal probabilities across all states. And, an autocorrelation

value of -1 means the environment sampled at time t and t + 1 must be different. In turn,

the nominal stochastic matrix for a population exposed to N states with an autocorrelation

of φ can constructed with intermediary values ( p̂i j) denoting the transitions from state j
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to state i following this piece-wise equation:

p̂i j =

 1+φ
2 i = j

1−φ
2 i , j

(7.6)

Admittedly, whilst this piecewise function obeys the rules for nominal autocorrelation

described above, the piecewise function is incomplete as columns of the stochastic matrix

(p̂ j) must sum to 1. In turn, to convert values of p̂i j into the probabilities that makeup the

stochastic matrix (pi j), values of p̂i j must be normalized by the sum of their column in

the stochastic matrix – i.e., pi j =
p̂i j∑

p̂ j
(Fig. 7.2).

For ordinal stochastic matrices, the rank-order of the states must be considered.

For example, if states are labelled on a Likert-like scale including:

• very bad

• bad

• okay

• good

• very good,

a positive autocorrelation should reflect an increased probability for the transition very

good → good in comparison to very good → very bad. Likewise, a negative auto-

correlation should reflect an increased probability for the transition very good→ very

bad in comparison to very good→ good. In turn, the ordinal stochastic matrix can be

parameterized following these rules:

• An autocorrelation of 1 means the probability of transitioning across N states (e.g.,

very good→ very bad) equals 0.

• An autocorrelation of 0 refers to white noise – i.e., equal probabilities across all

states.

• An autocorrelation of -1 means the probability of transitioning to and from the

same state (e.g., very good→ very good) equals 0.
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In turn, intermediary values of p̂i j for an ordinal stochastic matrix with N states and

autocorrelation φ can be calculated as:

p̂i j =

 1+φ
2 i = j
−2φ| j−i|

N−1 +φ+1
2 i , j

(7.7)

After the calculation of the intermediary p̂i j values, the probabilities (pi j) can be calculated

through normalizing by the sum of the columns, as in the nominal matrix – i.e., pi j =
p̂i j∑

p̂ j

(Fig. 7.2).

And finally, the continuous stochastic matrix can be computed following the

same rules of the ordinal matrix. The only difference between the ordinal and continuous

matrices is in how the states are ordered through continuous values (e.g., λ) rather than

rank-order. In turn, intermediary values of p̂i j for a continuous stochastic matrix with N

states, a vector of associated population growth rate values λ and an autocorrelation φ can

be calculated as:

p̂i j =


1+φ

2 i = j
−2φ|λ j−λi |

max(λ)−min(λ)+φ+1

2 i , j
(7.8)

Subsequently, the intermediary values can be normalized as in the nominal and ordinal

stochastic matrices – i.e., pi j =
p̂i j∑

p̂ j
(Fig. 7.2).

7.5.4 The role of transients in demographic buffering

The final avenue of future research in relation to my doctoral work on demographic

buffering is in connection to transient dynamics. Transient dynamics are temporary

fluctuations in populations that decay over time due to progressive shifts toward a stable

age/stage/size structure. Across ecology, transient dynamics have been studied at the level

of populations (Caswell, 2007; Ezard et al., 2010; Capdevila et al., 2020b), communities

(Hastings, 2001; Hastings et al., 2018; Morozov et al., 2020), spatial ecology (Ovaskainen

& Hanski, 2002) and whole ecosystems (Francis et al., 2021). This broad application

of transient dynamics to ecosystem function is particularly useful when studying the

stability and/or resilience of a system in response to a perturbation (Capdevila et al.,

2020b). However, this perturbation rarely includes environmental stochasticity.
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Figure 7.2: Nominal, ordinal and continuous approaches to constructing stochastic
matrices. The above figure shows a proof of concept for the methods detailed above.
Specifically, this figure visualizes six different stochastic matrices parameterized using the
nominal, ordinal and continuous methods outlined above. The stochastic matrices represent
transitions across 10 discrete states. The intensity of the red colouration corresponds to high
probabilities whilst the pastel yellow corresponds to low probabilities. It is worth noting
that the colour spectrum of each plot is unique to each matrix. To construct the continuous
matrices, the following vector of λ values was used: 0.8, 0.9, 0.95, 1, 1.05, 1.08, 1.09, 1.1,
1.15, 1.2. Importantly, the uneven distribution of λ values drive the non-centrosymmetric
structure of the continuous stochastic matrices. Since the nominal and ordinal matrices
do not take these uneven intervals into account, both the nominal and ordinal matrices are
centrosymmetric.

Across the literature, transient dynamics and stochastic demography remain

disconnected. Despite vast bodies of literature in both camps (Capdevila et al., 2020b;

Caswell, 2007; Doak et al., 2005; Engen et al., 1998; Grant & Benton, 2000; Hastings,

2001; Hilde et al., 2020; Koons et al., 2009; McDonald et al., 2016; Stott et al., 2011,

2012; White et al., 2013), the role of transient dynamics in population responses to

environmental stochasticity remains unstudied (although see McDonald et al., 2016). This

gap is made especially timely as recent work has shown that environmental stochasticity

can be reframed as a series of environmental pulse disturbances, continuously shifting

population structure about its asymptotic frequencies (Tuljapurkar et al., 2023). In turn, to

bridge this gap between transient dynamics and demographic buffering, I detail a possible
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counterfactual approach to identify the role of transients in stochastic environments.

A method to quantify the role of transients in stochastic environments

Any stochastic environment can be represented as a temporal sequence of projection

matrices (i.e., At). Tuljapurkar’s approximation uses the temporal mean, variance and

covariances of demographic rates within At to infer the role of demographic rate variance

on population dynamics (Eq. 7.1, 7.2). However, this method explicitly uses the

population structures that project through the environmental sequence At.

The proposed method to quantify the role of transients dynamics in stochastic

environments can be broken down into three steps. The first step of this method is to

determine the stable age/stage/size distribution associated with At (ŵ). This distribution

can be measured analytically (Caswell, 2001) or simulated (as in Chapter 4 with mean

buffered size). The second step of this method is to project a population vector (n0)

through At and record the distance of each population vector (nt) from ŵ (∆t). Importantly,

∆t represents the relative (not absolute) distance between nt and ŵ . In turn, ∆t can be

calculated as:

∆t =
nt∑
nt
−

ŵ∑
ŵ
. (7.9)

The third step of this framework consists of reiterating the projection of n0 through At

where the population structure at time t (i.e., nt) is proportionally shifted closer to or

further from ŵ based on the factor β to a new population structure n′t.

n′t =
(

ŵ∑
ŵ
+ β∆t

)∑
nt (7.10)

In turn, n′t represents a sequence of population vectors that have either been set propor-

tional to ŵ (i.e., β = 0), set proportionally closer to ŵ relative to nt (i.e., 0 < β < 1),

set proportional to nt (i.e., β = 1) or set proportionally further from ŵ than nt (i.e.,

β > 1). Therefore, calculating changes in long-run stochastic population growth rate (as

in Chapter 5 with ∆λs) in response to changes in β, represents a counterfactual approach

to demonstrate the punitive or beneficial effects of transient dynamics in response to

environmental stochasticity.
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7.6 Concluding remark

This doctoral dissertation was driven by one focal research question: how do population

dynamics and life histories respond to variable environments? The work within this

dissertation has addressed one topic within this research question - i.e., how to measure

demographic buffering (defined as the means by which natural populations reduce the

impact of environmental stochasticity on their population growth rate) and the mechanisms

that underly this phenomenon. Identifying the metrics and mechanisms associated

with demographic buffering has arisen from an integrative research program combining

perturbation methods in structured populations (Tuljapurkar, 1982, 1990; Caswell, 1996b,

2001; Shyu & Caswell, 2014; Ellner et al., 2016) with open-access demographic data

across the tree of life (Salguero-Gómez et al., 2015, 2016a; Jones et al., 2022; Levin et al.,

2022). My work represents a step-wise change in our understanding of demographic

buffering and outlines multiple lines of future research to progress this understanding

even further. However, this work has not taken place in a vacuum. This dissertation builds

on the shoulders of giants and, in particular, vast amounts of hard-fought demographic

data. In other words, this dissertation has greatly benefited from a culture of open,

reliable and transparent practices within ecology and evolutionary biology. Therefore,

continuing and propagating this culture is imperative for (1) our future understanding of

how population dynamics and life histories respond to variable environments and (2) the

scientific community as a whole.
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All models are wrong, some are useful.

— George E. P. Box

Scientists generally agree that no theory is 100 percent
correct. Thus, the real test of knowledge is not truth, but
utility. Science gives us power. The more useful that
power, the better the science.

— Yuval Noah Harari

A
IPM formulas, regressions and parameters
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A.1 Berberis thunbergii IPM structure
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A.2 Calathea crotalifera IPM structure

* In Westerband and Horvitz (2017), canopy openness ( j) and photosynthetic rate (A)

were modelled as random samples from a sequence of values or draws from a uniform
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distribution. Specifically canopy openness was realized at time t as random draws from

the sequence {1,2,3,4,5} whilst photosynthetic rate was realized at time t as random draws

from a uniform distruction (i.e., A ∼ U(5,7)). However, since our manipulation of the

environment involves explicitly changing the temporal variance of a series, we coerced

the distributions into normal distributions with the same mean and reported variance of

the original sampling distributions reported in Westerband and Horvitz (2017).
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A.3 Carlina vulgaris IPM structure
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A.4 Heliconia tortuosa IPM structure

* In Westerband and Horvitz (2017), canopy openness ( j) and photosynthetic rate (A)

were modelled as random samples from a sequence of values or draws from a uniform



A. IPM formulas, regressions and parameters 159

distribution. Specifically canopy openness was realized at time t as random draws from

the sequence {1,2,3,4,5} whilst photosynthetic rate was realized at time t as random draws

from a uniform distruction (i.e., A ∼ U(5,8)). However, since our manipulation of the

environment involves explicitly changing the temporal variance of a series, we coerced

the distributions into normal distributions with the same mean and reported variance of

the original sampling distributions reported in Westerband and Horvitz (2017).
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You can run, but if you can’t run anymore, then you can
hide. You can hide, but if you can’t hide anymore, then
you can fight. There is nothing after the fight, so you fight
until there is nothing.

— Mark Greaney (2016)

B
A phase diagram of life histories in

variable environments

The impact of variable environments on life histories is a key topic in life history evolution

and population dynamics (Sutherland et al., 2013). The reason for this importance is, in

addition to being interesting, global climate change is predicted to change environment

variability [a key driver of variance in life history processes (Jackson et al., 2022)] across

the globe – posing an imminent threat to biodiversity (Bathiany et al., 2018; Drake, 2005;

Masson-Delmotte et al., 2021; Vasseur et al., 2014).

Much of our current understanding around life histories in variable environments

is centred around Tuljapurkar’s small noise approximation (Tuljapurkar, 1989, Eq. B.1).

log(λs) ≈ log(λ1) −
σ2 + τ

2λ2
1

+
θ

λ2
1

(B.1)

Here, the logarithmic long-run stochastic population growth rate [log(λs)] can be ap-

proximated via the population growth rate associated with the mean environment (λ1)

with contributions from demographic rate variances (σ2), covariances (τ) and temporal

autocorrelation (θ). In studies of life histories in variable environments, log(λs) is often

used as a measure of fitness associated with a specific life history strategy (Cubaynes et
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al., 2022). In turn, researchers have been interested in the ways by which life histories

can optimize log(λs) given the terms on the right-hand side of the equation.

Over the course of the past decades, multiple studies have explored the impact

of demographic rate variances (σ2: Doak et al., 2005; Engen et al., 1998; Foley, 1994;

McDonald et al., 2017; Morris et al., 2008; Morris and Doak, 2004; Pfister, 1998; Sæther,

1997; Sæther et al., 1998) with relatively less focus on demographic rate covariances

(Compagnoni et al., 2016; Fay et al., 2022b) and environment autocorrelation (Evers

et al., 2023; Gascoigne et al., 2023a; Tuljapurkar & Haridas, 2006). Similarly, despite

a large body of literature, little focus is given to the relationship between the most

important term in Tuljapurkar’s approximation, log(λ1), and the variance components.

This represents a key gap in knowledge as the simplest way for a life history strategy

to improve its associated fitness is through changes in its mean demographic rates, not

variance components. And unfortunately, shifts in mean life history strategies cannot be

neatly uncoupled from variances as they confound one another. Therefore, we argue life

history theory would benefit from a new perspective to probe life history evolution in

variable environments.

To build this new perspective, imagine a focal population of interest is being

exposed to a novel perturbation (e.g., predation, increased temperature, disease). In

response to this perturbation, the focal population can canonically respond in three ways.

These responses include: fight, flight and hide. Whilst differentially successful dependent

on the type of perturbation, all of these responses represent possible strategies to deal

with a novel perturbation.

This framework is useful as the same set of strategies can be utilized by popula-

tions in response to environmental variability. In response to the threat of environmental

variability, populations can evolve life history strategies whereby they can (Fig. B.1a):

• persist (fight) via plasticity or adaptation to the variable environment.

• escape the environment (flight) via dispersal, migration or vagrancy.
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• avoid the timestep (hide) via dormancy, torpor or hibernation.

These strategies are insightful as, in addition to being strategically distinct, their costs are

broadly distinct as well (Fig. B.1a):

• fighting involves the cost of environmental variability outlined in Tuljapurkar’s

approximation (i.e., variance in demographic rates).

• flight often involves a cost to demographic rates (i.e., reduced survival or reproduc-

tive output).

• hiding involves a cost directly to fitness in the form of extending generation time.

From these costs we can build a visual representation of when and where each strategy

should be selected for.

Here, we propose a phase diagram of life histories in variable environments (Fig.

B.1b). Taking inspiration from the 150-year-old concept of phase diagrams in physics

and chemistry, we show a framework whereby different combinations of costs associated

with dispersal/migration/vagrancy and dormancy/torpor/hibernation can evolve and, as

a strategy, invade the population. We hypothesize this phase diagram will look very

different for life histories with different ecologies (e.g., Fig. B.1c,d).

To test this phase diagram, we recommend a combination of theoretical modelling

and experimental approaches. Modelling using two/multiple patch systems (Steiner et al.,

2014; Sultan & Spencer, 2002) would allow a researcher to vary the cost of dispersal a

priori – however we note the cost of dispersal can come in a variety of forms which should

also be explicitly explored (Bonte et al., 2012). Furthermore, we recommend a modelling

approach to explore a variety of life history archetypes to see how life histories shape the

phase diagram (Takada et al., 2018). Analytical and individual-based eco-evolutionary

models can be used to provide theoretical predictions on the evolution of, for example,

dispersal vs. dormancy vs. in situ adaptation, under different combination of life histories,

ecological conditions and relative costs of the different strategies (Gerber & Kokko, 2018;

Travis et al., 2021; Vitalis et al., 2013).
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Regarding experimental approaches, we recommend the use of insects with

defined stages of development which also exhibit differential dispersal morphology [e.g.,

the seed beetle Callosobruchus maculatus (Gascoigne et al., 2022; Sanghvi et al., 2021,

2022) with experimental evolution approaches (Lustenhouwer et al., 2023)]. In seed

beetles, multiple patch systems can be constructed to moderate the cost of dispersal, and

temperature during juvenile development can be used to moderate cost of dormancy (here

defined as prolonged development time).

We acknowledge that the costs associated with the fight, flight and hide strategies

are not mutually exclusive. For example, it is quite likely that a cost of dispersal on

demographic rates leads to a shift in generation time. However, we offer this phase

diagram of life histories in variable environments as both a hypothesis and a heuristic to

start testing life history evolution beyond variance components.
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Figure B.1: A phase diagram of life histories in variable environments. Here, we illustrate
how life history evolution in variable environments can be represented by three different
competing strategies: fighting (persisting in the face of environmental variability), flight
(escaping the immediate threat of environmental variability) and hiding (avoid a time-step
through dormancy/hibernation/torpor to reduce the impact of environmental variability. (a)
The costs of each strategy are broadly independent and can, thus, be viewed as in competition
with one another. To visualize this competition, we construct a phase diagram (b, resembling
phase diagrams from physics and chemistry). Here, the fight, flight and hide strategies emerge
at different combinations of costs associated with the flight and hide strategies. We use
dispersal and dormancy to represent the focal cost, but this could easily be migration/vagrancy
or hibernation/torpor. We note that this space may look very different across species – shown
by the polar bear (c) and the blue tit (d). The utility of this framework arises by the placing of
a population on this phase diagram. To illustrate this, the polar is in the hide region – meaning
the polar bear population could be successfully invaded by a life history strategy that has a
relatively longer period of hibernation than the rest of the population. Likewise, the blue tit
population in the flight region – meaning the blue tit population could be successfully invaded
by a life history strategy that involves relatively more dispersal events across habitable patches
than the rest of the population. We hypothesize that manipulating the costs along this space
should predictably change the position of the population on the phase diagram.
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It’s the side projects that really take off. By side projects I
mean the stuff that you thought was just messing around.
Stuff that’s just play. That’s actually the good stuff. That’s
when the magic happens.

— Austin Kleon (2012)
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It has been over a decade since the publication of Clutton-Brock 
and Sheldon's (2010) review highlighting the importance of long-
term, individual-based studies of animals for our understanding of 
ecology. The importance of these studies has in no way lessened. 
Key discoveries from long-term, individual-based studies in the last 
decade have been made on topics as broad as the evolution of so-
ciality (Aplin et al., 2015; Firth et al., 2018), the role of climatic vari-
ation on intra-annual population dynamics (Paniw et al., 2019) and 
the role of individual differences in shaping ecological interactions 

(Griffiths et al., 2020). However, a new era in ecological research has 
emerged—the era of open data. Here, opportunities lie not only in 
the temporally rich insights made by one study but also in the broad 
patterns revealed by many. The recent publication in the Journal of 
Animal Ecology by Culina et al. (2021) introducing the SPI-birds data 
hub is an important contribution towards the ongoing momentum 
that is bringing ecology into this new era: one where data, tools, 
pipelines and expertise/advise are shared unconditionally and for 
free across the community.
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Abstract
In Focus: Culina, A., Adriaensen, F., Bailey, L. D., et al. (2021) Connecting the data 
landscape of long-term ecological studies: The SPI-Birds data hub. Journal of Animal 
Ecology, https://doi.org/10.1111/1365-2656.13388. Long-term, individual-based 
datasets have been at the core of many key discoveries in ecology, and calls for the 
collection, curation and release of these kinds of ecological data are contributing 
to a flourishing open-data revolution in ecology. Birds, in particular, have been the 
focus of international research for decades, resulting in a number of uniquely long-
term studies, but accessing these datasets has been historically challenging. Culina 
et al. (2021) introduce an online repository of individual-level, long-term bird records 
with ancillary data (e.g. genetics), which will enable key ecological questions to be 
answered on a global scale. As well as these opportunities, however, we argue that 
the ongoing open-data revolution comes with four key challenges relating to the (1) 
harmonisation of, (2) biases in, (3) expertise in and (4) communication of, open eco-
logical data. Here, we discuss these challenges and how key efforts such as those by 
Culina et al. are using FAIR (Findable, Accessible, Interoperable and Reproducible) 
principles to overcome them. The open-data revolution will undoubtedly reshape our 
understanding of ecology, but with it the ecological community has a responsibility 
to ensure this revolution is ethical and effective.

K E Y W O R D S

big data, demography, FAIR, individual-level data, interoperability, open access, ornithology, 
reproducible research
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Calls to arms to ecologists for a more biogeographically repre-
sentative, longer-term, open-access body of biodiversity data are 
not new. However, these calls have become more prominent in re-
cent years (Mills et al., 2015; Wilson, 2017). Recognition of the im-
portance of open-access data and reproducible research pipelines in 
ecology has led multiple funding agencies (e.g. NERC, NSF, ARC) and 
journal publishers, including the British Ecological Society (2016), 
to ‘strongly suggest’ in the first instance, and later to mandatorily 
require for published research to be FAIR (Wilkinson et al., 2016): 
Findable, Accessible, Interoperable (i.e. data can interact with other 
data and workflows) and Reusable. Precipitated by this new re-
search model, but also by ecologists' ethos regarding open access 
(Gallagher et  al.,  2020), volumes of ecologically relevant data are 
being amassed and subsequently released; these titanic efforts con-
tinue despite the glaring lack of funding support in most countries 
(Farley et al., 2018; Hampton et al., 2013).

Despite the great progress made in the last decade in open data 
in ecology, one should not get too comfortable. The open, big data 
landscape that is starting to emerge in ecology brings new chal-
lenges that may test more traditional ecological mindsets (Hampton 
et al., 2013). Here, we discuss four of these challenges, namely re-
garding (1) harmonisation, (2) biases, (3) expertise and (4) commu-
nication (Figure 1). For each, we provide examples of how and why 
the challenge arises and how the framework employed by Culina 
et al. (2021) navigates them using FAIR principles as a model for fu-
ture efforts in the era of open data.

1  | CHALLENGE 1 .  HARMONISING OPEN 
DATA

Different datasets, even when collected strictly within the same 
sub-field of ecology (e.g. animal population ecology), can differ 
vastly. For instance, ornithologists refer to the term ‘recruitment’ 
as the age at which an individual first reproduces (J.D. Lebreton, 
pers. comm. 2015; B. Sheldon, pers. comm. 2021), whereas plant 
ecologists refer to it as the germination of a seedling (Harper, 1977). 
Thus, it is strongly advised to harmonise (i.e. standardise and ho-
mogenise) data from various sources, or databases that house 
data from different researchers and sub-disciplines, before the 
proposed analyses are conducted (Nadrowski et al., 2013) so that 
they are Interoperable and Reusable. Culina et al. (2021) navigate 
this through an interoperability pipeline and develop standardised 
formats for data such as the breeding season in the SPI-bird data 
hub (Figure  1). Furthermore, database curators invest significant 
efforts and time harmonising data and complementing them with 
metadata, as well as creating thesaurus to help users navigate their 
rich platforms (e.g. Garnier et al., 2017; Pey et al., 2014). However, 
sometimes the information detailed in the original sources, such 
as MSc/PhD thesis, grey reports, peer-review publications in dif-
ferent languages, does not allow for this task to be performed sat-
isfactorily. When the harmonisation of data is incomplete, users 
of databases may benefit from the warnings and errors identified 

by database curators. For instance, in SPI-bird (Culina et al., 2021), 
there are standard quality checks, and warnings are explicitly noted 
as values that are uncommon or unusual, while ‘likely errors’ are 
flagged as seemingly impossible values. It is important to note that 
the ultimate responsibility to correctly conduct an analysis with 
open-access ecological databases remains with the user. Just be-
cause one can run an analysis with all the data at one's disposal, it 
does not mean one should do so.

2  | CHALLENGE 2 .  BIA SES IN OPEN DATA

Naturally, the search for broad global patterns in ecology will 
only be as robust as the data that analyses are based on. Many 
global ecological datasets are taxonomically biased towards mam-
mals and birds. In the case of long-term animal ecology datasets, 
a significant proportion of studies and databases are well rep-
resented primarily in areas of the planet with low biodiversity 
(Titley et al., 2017), or in areas that are actually least vulnerable to 

F I G U R E  1   Four key challenges in the era of open data in 
ecology, and how the SPI-Birds database (Culina et al., 2021) has 
developed an effective platform to navigate these challenges  
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climate change (Paniw et al., 2021). Likewise, most terrestrial bio-
diversity is found in countries with low GDP, for which fewer data 
exist relative to countries with higher GDP. Like many initiatives, 
Culina et al. (2021) also display these geographic biases. Instead, 
the present study takes the approach of creating a framework and 
standards for the ‘well-defined’ community (primarily in northern 
Europe) that acts as a platform for global efforts (Figure 1).

We propose several ways that ecologists may navigate this 
challenge. As a minimum, ecologists using open-access data 
in ecology to search for global patterns must be aware of (and 
account for, where possible) geographic and taxonomic biases, 
contextualising findings rather than making blanket statements 
about findings occurring ‘worldwide’. Likewise, phylogenetic ap-
proaches offer numerous tools to impute missing data follow-
ing patterns of phylogenetic inertia—but one needs to be aware 
of which tools fit the job better (Gallagher et  al.,  2020). Finally, 
cross-matching algorithms to improve the overlap of interop-
erable databases can drastically increase the analytical power 
(Pennell et  al.,  2016). Ultimately however, greater international 
efforts are needed to increase the coverage of global biodiver-
sity data in under-represented countries. In this regard, the ap-
plication of conservation prioritisation in data-poor countries 
to expedite ecological data collection is a promising avenue of 
progress (El-Gabbas et al., 2020; Kujala et al., 2018). Furthermore, 
the development of lasting partnerships between researchers in 
high-income and low-income countries to build capacity is re-
quired to even biases in ecological data archiving (Donhauser & 
Shaw, 2019).

3  | CHALLENGE 3.  E XPERTISE IN OPEN 
DATA

There is also a need to acquire the necessary expertise in the field 
to harness the full potential of the data. The multitude of records 
made available by, in this case, the SPI-Bird data hub contain great 
potential. However, the large volumes of data cannot be a substi-
tute for the invaluable ornithological expertise of the researchers 
who collected the data, nor the quantitative skills of researchers 
used to analyse them. Unfortunately, this kind of expertise also 
tends to be geographically clustered in countries with high GDP 
and relatively low biodiversity. Culina et al.'s approach to this 
challenge is to nurture an active community in which researchers 
and data users are engaged with one another and building skills 
through workshops/meetings (Figure  1). In our experience, this 
approach is essential for the effective implementation of large-
scale open-data platforms that overcome geographic and socio-
political biases. At COMPADRE (Salguero-Gómez et al., 2015) and 
COMADRE (Salguero-Gomez et al., 2016), for instance, we have 
run workshops in three different languages and in four conti-
nents on over 30 occasions, and we have now adopted a strategy 
where we prioritise attendance of researchers from low-income 
countries.

4  | CHALLENGE 4.  IMPROVING 
COMMUNIC ATION OF THE OPEN-DATA 
COMMUNIT Y

The era of big data in ecology is being support by a community 
composed of—at least—four different entities: data contributors, 
data curators, funding agencies and journals/societies. These enti-
ties risk failure of the whole enterprise if they do not adequately 
engage with each another. As such, communication and trust be-
tween them is critical. For instance, one of the main reasons that 
researchers may choose not to share data and contribute them to 
open-access databases is the risk of being scooped (Laine,  2017). 
This reticence to share data can prevail even though research has 
shown that researchers who publish second still end up getting a 
substantial portion of the recognition (Callaway, 2019). A way that 
open-data curators can support data contributors to overcome this 
initial concern is by offering an embargo period (something that we 
do in COMPADRE and COMADRE, but of which <1% of contribu-
tors request), or the possibility of making their data accessible (not 
open access) on the condition that they be offered co-authorship. 
SPI-Birds (Culina et al., 2021) partly follow the latter model, but with 
a minimal percentage of their total data (Figure 1). As a minimal re-
quirement, SPI-Birds users must explicitly acknowledge any data 
owners and funding sources of the raw data (stored in meta-data). 
This not only improves communication in the community but also 
makes the raw data more findable in the future.

Database curators should make sure that credit be placed where 
it is due. Requesting that the original paper introducing a given da-
tabase be cited when the database is used seems logical. However, 
what is even more logical—as well as fair and F.A.I.R.—is to request 
the individual contributing authors be cited too. This action to en-
sure appropriate accreditation may be hard to implement due to (1) 
the lack of database infrastructure to replicate a subset of citations 
in the final analysis and/or (2) the lack of space in journal prints to ac-
commodate the potentially hundreds of the citations. For the former, 
some databases have already developed the functionality to provide 
database users with a citation summary of the data they have down-
loaded. For the latter, the move by many journals and societies from 
printed version to online only means that price-per-page is no lon-
ger a limitation to citation counts (Fox et al., 2016). In this way, data 
contributing researchers can benefit from other users utilising their 
data.

5  | FINAL REMARKS

Noah's ecological data ark is beginning to get crowded. However, 
ecologists, data curators, funding agencies, journals and ecologi-
cal societies need to adapt their mindsets, infrastructures and 
approaches to fill this ark faster, with fewer biases, and more ef-
ficiently. A more coordinated effort between data contributors, 
curators, users, journals and societies will result in much-needed 
interoperability. Culina et al. (2021) is a testament to a new way of 
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interaction, one that promotes FAIR principles to overcome these 
challenges and actively promotes international collaboration. 
Ultimately, the inherent value of SPI-Birds (Culina et  al.,  2021) 
will grow exponentially when considered in conjunction with, for 
instance, the long-term trends of insects on which birds depend 
(via InsectChange; Van Klink et  al.,  2021), human influence (via 
the Human Footprint Database; Venter et al., 2016) and climatic 
patterns (via CHELSA; Karger et  al.,  2017). The promise of big, 
open-access data in ecology is huge. We must endeavour, as a 
community, to deliver it.
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Opinion

Plasticity’s role in adaptive evolution depends
on environmental change components

Anna C. Vinton ,1,*,@ Samuel J.L. Gascoigne,1 Irem Sepil,1 and Roberto Salguero-Gómez1,2,3

To forecast extinction risks of natural populations under climate change and
direct human impacts, an integrative understanding of both phenotypic plasticity
and adaptive evolution is essential. To date, the evidence for whether, when, and
how much plasticity facilitates adaptive responses in changing environments is
contradictory. We argue that explicitly considering three key environmental
change components – rate of change, variance, and temporal autocorrelation –

affords a unifying framework of the impact of plasticity on adaptive evolution.
These environmental components each distinctively effect evolutionary and
ecological processes underpinning population viability. Using this framework,
we develop expectations regarding the interplay between plasticity and adaptive
evolution in natural populations. This framework has the potential to improve pre-
dictions of population viability in a changing world.

Plasticity and adaptation in a changing world
Understanding, quantifying, and predicting the ability of organisms to adapt to changing environ-
ments is at the core of ecoevolutionary research [1–4]. In the face of unprecedented environmental
change (see Glossary), natural populations, especially those with limitedmobility/dispersal, can avoid
extinction via phenotypic plasticity and/or adaptive evolution [4]. However, our understanding of
the interplay between adaptive evolution and plasticity in changing environments remains limited
[1,5–8]. This limitation is not trivial, for plasticity can itself evolve [9], be adaptive, or nonadaptive
[10], and have differing effects on adaptive evolution [11,12].

For decades, researchers have theorised whether plasticity facilitates or hinders adaptive evolution
[9,13]; the evidence is contradictory, and general patterns have yet to emerge [5,10,11,14,15]. The
primary conflicting hypotheses for whether plasticity facilitates or hinders adaptive evolution are:

• (H1) Plasticity weakens directional selection by masking genotypic variation (e.g., Bogert
effect [16]), thus slowing the rate of genetic change [5,17–19].

• (H2) Plasticity facilitates evolution by allowing the population to persist under environmental
change long enough for genetic change to occur [20–22] (e.g., plasticity-first hypothesis
[22] or Baldwin effect [20]).

This debate remains unresolved. Despite cases where theoretical predictions agree with empirical
findings [5,10,11,14,15,23], we lack a general framework to establish the context-dependence of
plasticity's impact alongside climate change. Here, we introduce an environmentally explicit frame-
work that allows for the development and testing of hypotheses regarding when and how plasticity
interacts with evolution. We highlight three environmental change components: rate of mean
change, environmental variability, and temporal autocorrelation. These environmental

Highlights
Global biodiversity is jeopardised by
unprecedented environmental change,
the hallmark of the Anthropocene. To
estimate the extinction risks of species,
understanding how individuals and
populations respond to changing envi-
ronments is crucial.

Adaptive evolution and phenotypic
plasticity are two key mechanisms by
which natural populations avoid extinc-
tion in the face of environmental change.
However, the relative roles and interplay
between the two are still unresolved.

Whether plasticity hinders (H1) or facili-
tates (H2) adaptive evolution has been
ardently researched, but without cross-
study standardization of how changing
environments impact whether (H1) or
(H2) is more likely over time.

We propose an integrative framework
based on how key environmental com-
ponents influence the ‘building blocks’
of ecoevolutionary responses to examine
when plasticity aids or hinders adaptive
evolution.We synthesise keymicroevolu-
tionary and ecological processes regard-
ing how natural populations respond to
environmental change.

Studies may benefit from this framework
to deepen our understanding of how
plasticity influences adaptive evolution
by reframing H1 and H2 in the context
of environmental change, andwill thus in-
crease our ability to forecast extinction
risks in the Anthropocene.
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components distinctly impact evolutionary and ecological processes asmechanisms of population
response [24–26] and are widely documented consequences of climate change [27–29]. Conse-
quently, there is an urgent need to integrate the effects of environmental change in a generalizable
way. This will allow ecologists and evolutionary biologists to better contextualise, mechanistically
understand, predict, and compare their findings.

Moving optimum theory links environmental change to the resulting evolutionary responses
according to changes in phenotypic traits. When a population is confronted with an environment
that changes directionally, there is a critical rate of change that must be matched by change in
the mean phenotype of the population. That is, the mean phenotype must remain close to the
theoretical phenotypic optimum. In this context, a phenotypic lag between the mean pheno-
type and the optimum phenotype may emerge which, if too large, increases extinction risk
[30,31]. Evolutionary processes (e.g., selection, genetic variation) and ecological processes
(e.g., life history, within-generation plasticity, and population dynamics) together influence how
far a population can lag and persist. Thus, the contribution of plasticity to population persistence
and adaptation is largely determined by this phenotypic lag.

We argue that H1 and H2 are not mutually exclusive. Rather, plasticity may facilitate or hinder
adaptive evolution depending on the properties of environmental change. To assess the impact
of plasticity on adaptive evolution, we specify the links among the type of environmental
change, plasticity, and adaptive evolution. Thus, we utilise theoretical and experimental
work to:

(i) Assess how three key components of environmental change (rate of mean change, variability,
and temporal autocorrelation) each alter the evolutionary and ecological mechanisms behind
phenotypic tracking of a moving optimum.

(ii) Introduce a unified framework of testable hypotheses detailing how those three compo-
nents of environmental change can influence the relative benefit of plasticity to adaptive
evolution.

Mechanisms of evolutionary response to changing environments: interactions
between environmental change and genetic variation, heritability, and selection
To understand the role of plasticity in adaptive evolution, one needs to consider how different
environmental components impact the mechanisms of evolutionary tracking in the absence of
plasticity. For adaptive evolution to occur, natural selection must act on variation in a heritable
trait. The genetic architecture of a trait under selection will, in part, determine the potential
for adaptive evolution and ecoevolutionary dynamics [32]. Most traits that mediate popula-
tion dynamics are determined by multiple genes, each of which typically has a small effect
(quantitative traits) [32,33]. One way to assess whether or not a quantitative trait may evolve is
via the breeder’s equation, which equates the change in a trait to the selection differential
times its narrow-sense heritability. Heritability is a function of both genetic variation [34,35]
and the environment in which that variation is expressed [36]. The contributions of environmen-
tal change/variation to phenotypic and genetic variation are often relegated to an error term that
absorbs unmeasured uncertainties in quantitative genetic models ([37], but see [38]). In the
following sections, we discuss literature that addresses how rate of mean change, variability,
and temporal autocorrelation in the environment each influence heritability, genetic variation,
and selection. By considering the environmental impacts on these evolutionary mechanisms,
we aim to understand the ability of genetic change to track a fitness optimum in changing
environments. This understanding informs the importance of plastic responses in decreasing
phenotypic lag.
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Impact of the rate of environmental change on underlying genetics
When the rate of environmental change is too slow, selection is weak and can be ineffective in part
due to a small lag load [39,40]. As the rate of environmental change increases, selection
strengthens, and the population can track the moving optimum with a consistent phenotypic
lag [41]. In this range of environmental change, additive genetic variance and heritability can
also increase [39,42]. In this case, up to a certain intermediate rate of environmental change,
genetic variation and evolutionary potential may be expected to increase. This can occur simply
due to higher additive genetic variance and thus an increase in standing variation available to
selection. However, phenotypic lag can become too large for the rate of selection to follow if
the environment, and thus the trait optimum, changes too quickly [39,41,43]. Here, the pheno-
typic lag increases, which can lead to decreased fitness and eventually local extinction [44]. As
such, the mean time to extinction in a natural population decreases as the rate of environmental
change increases beyond the optimal rate [39]. Thus, the rate of environmental change in
evolutionary experiments and theory is key to assess the potential benefit of plasticity on
adaptive evolution.

Impact of environmental variation and temporal autocorrelation on underlying genetics
Moderate environmental variation can optimise selection, and ultimately evolutionary tracking
[45,46] (but see [2]). In contrast, the ability of populations to evolutionarily track a shifting
adaptive peak can increase with greater temporal autocorrelation [25]. Moreover, theoretical
work predicts that positively autocorrelated environmental fluctuations can increase additive
genetic variance and its ability to reduce genetic load. This increase in genetic variance
allows the mean phenotype to track a changing environment more closely [25]. Thus, evo-
lutionary potential may be higher in temporally autocorrelated environments than in uncorre-
lated environments.

The evolutionary effects of environmental variability and autocorrelation are often framed in
terms of increasing frequencies of novel and unfavourable environments [47]. Greater environ-
mental variability and lower temporal autocorrelation expose individuals to environments that
are novel and often unfavourable, and their impact on evolutionary response is mixed depending
on other factors at play [47]. In addition, a direct consequence of higher variability and higher
autocorrelation is that populations spend less time in temporal refugia [29], which reduces
fitness.

Conversely, theoretical and empirical research have shown that exposure to unfavourable
environments can also lead to increased additive genetic variance, thereby increasing the evolu-
tionary potential of a trait [47]. This increase in additive genetic variance can occur when selection
is ineffective at removing mutations that are maladaptive only in rare environments [47,48].
Moreover, novel environments can reveal cryptic, or previously unexpressed genetic variation
[12]. Thus, exposure to novel, and unfavourable environments could increase genetic variation
and therefore heritability.

Determining the magnitude and frequency that genetic variance increases in response to environ-
mental novelty and harshness is non-trivial, as the opposite effect can also occur [47,49–51]. The
effect of environmental novelty and harshness depends on the system-specific evolutionary
history, and interaction between environmental and genetic effect [47]. For example, both
environmental novelty and harshness can decrease additive genetic variance if an unfavourable
condition prevents individuals from expressing the underlying genetically determined benefits
from a trait [51]. In such cases, selection could favour the regulation of gene expression such
that alleles are not expressed in an unfavourable environment. This lack of expression in

Glossary
Adaptive evolution: genetic changes
in a population that confer directional
changes in a fitness-related trait. The
direction of trait evolution is determined
by the new phenotypic optimum, whilst
the magnitude of change results from
the strength of selection (genetic
variation and heritability).
Baldwin effect: a novel state of a trait
that emerges/changes via plastic
mechanisms that is subsequently
reinforced by genetic mechanisms that
stabilise the trait across generations.
This line of thinking has been used to
describe a range of traits, from
developmental variation in house finches
to multicellularity [81].
Bogert effect: the effect of plasticity in
masking genetic variation from selection.
Common examples include
thermoregulatory behaviours in
ectotherms.
Breeder’s equation: an equation that
quantifies the expected difference in
mean trait value as the product of the
narrow sense heritability, or the
proportion of trait variation attributed to
additive genetic effects (h2) and the
selection differential the trait is exposed
to (S) : ΔZ = h2S.
Critical rate of change: the maximum
rate of environmental change the
population can handle. Exceeding this
limit inevitably results in a population
decline towards extinction.
Demographic buffering: a strategy
where populations have negative
covariance of a vital rate’s impact on
population growth rate and its variance
over time.
Environmental change: a shift in
abiotic factors (e.g., temperature and
precipitation) and/or biotic factors
(e.g., predation risk and community
structure) that shifts the phenotypic
optimum of a trait.
Environmental novelty: the degree to
which biotic and abiotic factors differ
between present and past. This novelty
can be quantified by the distance the
phenotypic optimum has moved relative
to the optimum in the previous
environmental state.
Environmental variability: the
variance of an environmental variable
(e.g., temperature and precipitation)
value over time.
Lag load: the distance between the
average fitness of a population and its
local adaptive peak. The greater the lag
load, the higher the selective pressure.
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unfavourable environments may occur through decreasing the heritability of traits underpinned by
associated alleles [47]. Here, heritability could decrease when additive genetic effects determine a
trait such as body size. If unfavourable conditions decrease growth rate, this decrease can lead to a
reduction in the additive genetic variance.

In turn, depending on the mechanisms at play, evolutionary tracking may be either facilitated or
hindered in environments with an increasing rate of change, variation, and/or autocorrelation.
Whether or not a population is likely to successfully track a moving environmental optimum
will in part determine the necessity of plasticity to help bridge this gap. Thus, the impact of
the environmental change variables on evolutionary tracking should be considered when
addressing H1-2.

Mechanisms of ecological response to changing environments: interactions
between environmental change and life history, plasticity, and population
dynamics
Environmental change impacts on population size and life history
The importance of phenotypic plasticity in adaptive evolution depends on changes in population
size, which influences the likelihood of local extinctions [52,53]. Such impacts of population size
depend on life history strategies; for example, long-lived species can persist longer at small
population sizes than short-lived species, whose populations can collapse quickly [54,55].
Furthermore, these strategies can determine the rate of trait evolution [8]. It is therefore vital to
consider the impact of different environmental components on population dynamics and life
history to understand the impact of the type of environmental change on the interplay between
plasticity and adaptive evolution.

Higher rates of mean environmental change typically lead to decreases in population size [56].
This finding suggests that local extinction will increase as the rate of climate warming exceeds
the rate of adaptive responses. However, population size can increase in some species under
higher rates of environmental change. For instance, bird species adapted to drier climates can
utilise agricultural land and colonise drier habitats under climate change [57]. Demographic
theories can help to explain such contradictory empirical cases: for instance, differences in
life history and population structure (e.g., size, age) can translate a rate of change in a trait
(e.g., reproduction) into different outcomes of population growth rate.

The interplay between increasing environmental variability and population size has now been in-
tensively studied both theoretically and empirically [58]. It is usually assumed that a more variable
environment is detrimental for populations. However, recent syntheses show that the effect of
environmental variability can have both positive and negative effects on population growth
rates [2,59]. For example, disparities in population size responses to environmental variability
are influenced by differences in the magnitude of density dependence [60]. Density dependence
varies between systems due to species-specific physiology or life history [60,61]. Such differences
cause further disparities in transient dynamics of population trends [62]. Further, nonlinear rela-
tionships between environmental states and vital rates across st/age classes within populations
(‘reaction norms’) can induce varying demographic buffering capabilities across populations
and species [63,64]. Variation in degrees of demographic buffering via plasticity of vital rates, can
contribute to the observed inconsistencies in comparative analyses of population dynamics in
variable environments [65].

Temporal autocorrelation in the environment has gainedmuch attention in population biology and
climate change research [29,66]. Here too, the emerging message is that autocorrelated

Life history strategies: the age-
specific schedules of vital rates
(see below) and associated phenotypes
(e.g., morphology, behaviour, offspring
investment) that determine the fitness of
individuals and viability of populations.
Moving optimum theory: a body of
work showing that, at any point in time,
there is a phenotypic optimum that
maximises the fitness of individuals. This
optimum can change over time due to
biotic and abiotic factors. In turn,
populations track the moving optimum,
at a certain lag, via plasticity and/or
adaptive evolution.
Phenotypic lag: a gap between the
moving phenotypic optimum and the
population mean trait.
Phenotypic optimum: the phenotype
that maximises fitness at a point in time.
Phenotypic plasticity: environmentally
induced changes in an individual’s
phenotype without changes in its
genetic makeup. These changes can be
adaptive, or nonadaptive (have a neutral
or negative impact).
Plasticity-first hypothesis:
genetically-based variation in plasticity
among individuals in a population
responds to selection in a novel
environment. This initial variation in
plasticity allows for the population to
persist when it would not have been able
to do so if it were plastic and then to
respond to selection.
Rate of mean change: the direction
and magnitude of differences in average
environmental values (e.g., temperature
and precipitation) over time.
Reaction norms: the effect of an
environmental factor on the value of a
trait.
Temporal autocorrelation: the
correlation of terms in series separated
by a time interval. High autocorrelation
refers to a casewhere successive values
are highly correlated, a negative
autocorrelation indicates an inverse
relationship between two variables, and
no autocorrelation refers to a casewhere
successive values are uncorrelated.
Temporal refugia: a period in which
the degree/number/duration of
perturbations in the environment that
negatively affect fitness is reduced,
allowing for intermittent rescues in
population size and structure.
Transient dynamics: short-term
fluctuations in population size/structure
that arise due to both (i) perturbations in
the structure and/or size of the
population and (ii) probabilistic events
(e.g., survival and reproduction) as the
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environments can have positive [67,68] or negative [68] impacts on population size and extinction
risk, depending on life history strategies [69] and phylogenetic history [70]. For example, annual
plant populations have lower extinction risks than perennial populations when the environment
is positively temporally autocorrelated [68]. In some cases, long stretches of adverse conditions
caused by positive environmental autocorrelation can exacerbate extinction risk [66]. One exam-
ple is when highly positively autocorrelated fluctuations cause multiple generations to experience
negative growth [12]. Conversely, highly autocorrelated environments could allow for an increas-
ing population size, as populations may be better able to track the optimum trait value [44]. And
lastly, simulations of density-independent stage-structured populations suggest that pace-of-life
and degree of iteroparity positively correlate with a population’s sensitivity to environmental auto-
correlation [70].

Environmental change impacts on role of within-generational plasticity
While selective pressures tend to decrease phenotypic lag, so can plasticity [30,71] (but see [10]).
However, the impact of plasticity on lag size is complex, for plasticity itself can evolve [72], has
different forms depending on the life history strategies [72,73], and level of biological organisation
[74,75]. Evenwithin these levels, there is disagreement about how different environments alter the
ability of plasticity to affect lag in populations of different sizes [75]. How we judge the efficacy of
plasticity to affect population dynamics depends on assumptions about plasticity’s inherent costs
and limitations [76] and how they interact with the three environmental parameters (Figure 1).

Increasing rates of environmental change have been theorised to decrease the benefit of plasticity
when the environment becomes extreme. However, much of this work utilised a categorical
framework such as ‘abrupt’ and ‘gradual’, as opposed to a continuous measure [26]. A key
implicit assumption in moving optimum theory is that plasticity can buffer decreases in population
size, but incurs some energetic cost [37,77]. This cost depends on the type of trait (e.g.,morphology,
phenology, physiology, behaviour) and the rate of environmental change [75]. Moreover, the trade-off
between the ability of plasticity to buffer environmental changes and its costs can be impacted by
correlations between trait values as well as the slopes of their respective reaction norms. In turn,
these trait covariances and reaction norms can influence the interplay between selection on mean
trait values, and changes in plasticity [78]. The cost of plasticity thus adjusts the critical limit of environ-
mental change, producing a complex interaction between rate of environmental change and net
benefit of plasticity [30].

Environmental variability also impacts the ability of plasticity to benefit population size. Although plas-
ticity can mitigate the detrimental effects of environmental variability in some cases, individual-based
simulations have shown that the magnitude of environmental fluctuations has surprisingly limited
effects on population persistence [79]. This has also been shown in herbivory defence traits of wild
radish populations, cementing the idea that although plasticity often correlates with environmental
variation, the interplay between environmental variation and plasticity is non-trivial [80,81].

Environmental temporal autocorrelation seems to have a more apparent effect on the benefit of
plasticity to population persistence than environmental variability. The theoretical and empirical
literature suggests that unreliable environmental cues decrease the ability of plasticity to reduce
extinction risk [12,76,82]. In addition, we note that epigenetic modifications can relay a predictive
adaptive response to the next generation(s), which is likely to be advantageous in highly predict-
able environments [83], warranting further study. More predictable fluctuations select for
increased plasticity, suggesting that plasticity has a beneficial role for tracking moving optima
[84]. Moreover, less predictable environments have been hypothesised to decrease – and even
reverse – the potential beneficial role of plasticity on population growth rate [12].

population approaches a stationary
equilibrium.
Vital rate: a demographic process
(e.g., survival, growth, reproduction).
Vital rate values typically vary across the
structured life cycle of an organism (e.g.,
age, stage, size).
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Synthesis: when does plasticity help or hinder adaptive evolution?
Climate change is predicted to lead to changes in the rate, variation, and autocorrelation
of environmental variables. Moving optimum theory provides a mechanistic approach to
develop hypotheses about the impact of plasticity on adaptive evolution in changing

TrendsTrends inin EcologyEcology & EvolutionEvolution

Figure 1. Framework to assess the environment-dependent impact of phenotypic plasticity on adaptive evolution. First, the three key environmental change
components (rate of change, variance, and autocorrelation) each influence the two broad categories of mechanisms through which natural populations respond to
changing environments: evolutionary and/or ecological processes. Evolutionary processes include heritability, genetic variation, and natural selection. Ecological
processes encompass demographic dynamics driven by fluctuations in population size, within-generational plasticity, and life history. At the core of our conceptual
framework, all of these mechanisms influence whether and how well a population can track the fitness peak, which moves through trait space as the environment
changes. Plasticity enters the framework by impacting a populations’ ability to adaptively track the fitness peak. Decomposing environmental change into key
components in this fashion allows us to contextualise the magnitude and direction of plasticity’s impact on population persistence and adaptive evolution via
mechanistic links.
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environments. In this context, H1 and H2 cannot be tested without controlling for the types
of environmental change. The facilitative role that plasticity might play for adaptive evolution
in the face of environmental change depends on how the environment is changing. Each of
the three environmental components (Figure 1) influences the two broad categories of
ecoevolutionary response mechanisms, as discussed in earlier sections. The interaction
between environmental change components and response mechanisms produces a rich
breadth of hypotheses (Box 1). Empirical and theoretical tests of these hypotheses will
form a more integrative understanding of adaptive responses to a changing world.

Box 1. Hypotheses regarding the benefit of plasticity on adaptive evolution in response to increasing mean rate of environmental change

Each of these hypotheses utilises moving optimum theory to infer how the relationship between phenotypic lag and adaptive tracking can be moderated by phenotypic
plasticity alongside an increasing rate of mean environmental change (Figure I).

Hypothesis A[i]

The benefit of plasticity increases with rising rates of environmental change, eventually plateauing. Selection is weak when environmental change is slow, and
phenotypic lag is small. Population growth is consequently high, and heritability of fitness-related traits is also high. In this scenario, plasticity adds little to adaptive
tracking, thus the costs of plasticity outweigh the benefits in decreasing the phenotypic lag. Conversely, when the mean environment changes too fast for adaptive
evolution to track, and phenotypic lag is high, plasticity helps the population ‘catch up’ with the moving optimum by allowing the population to increase in size, and
thus maintain the genetic diversity.

Hypothesis A[ii]

The benefit of plasticity decreases with increasing rates of environmental change. Contrary to Hypothesis A[i], when selection is weak, lag load can increase. In this
scenario, plasticity can bring the phenotypic mean close to the selection peak at a low rate of environmental change. Conversely, as rate of mean environmental change
increases, the limits of plasticity set by its costs (i.e., physiological toll andmasking of genetic diversity [76,81]) may result in a limited role of plasticity for adaptive tracking.
If population size is small at high rates of environmental change, plasticity can increase the chance of extinction due to drift by shifting the phenotypic average and thus
shading the genetic variation from selection. This results in themaintenance of maladapted individuals and further decreases the population size. Moreover, a high rate of
environmental change can limit the efficacy of plasticity given the low predictability of the future environment.

Hypothesis A[iii]

The benefit of plasticity is maximised at an intermediate rate of environmental change, above (following A[i]) and below (following A[ii]) which its benefit decreases.

To test these hypotheses, we must first shift our thinking regarding the rate of environmental change from a categorical to a continuous framework. For example,
increases in temperature and salinity can be simulated experimentally and considered using multiple rates of change [26]. Ideally, the trait or vital rate of interest should
be assessed at the individual level within and across generations to estimate plasticity and evolution. The amount of plasticity and genetic change can then be compared
across the different environmental levels. Ectotherms such as fruit flies (e.g., Drosophila melanogaster), phytoplankton (e.g., Microcystis aeruginosa), or nema-
todes (e.g., Caenorhabditis elegans) pose ideal systems to study these effects, given their short generation time and the ease in modifying their environment in a laboratory
setting [85–87]. Moreover, given their small size, organism such as these allow for research into less studied levels of organization: populations and communities [26,81].
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Figure I. Hypotheses for the
relationship between the mean
rate of environmental change and
benefit of plasticity for adaptive
evolution. The left side of the panel
depicts an increasing rate of
environmental change over time. The right
side shows the graphical Hypotheses
[i–iii], which describe [i] increase, [ii]
decrease, and [iii] intermediate suboptimal
benefit of plasticity for adaptive evolution
across an increasing rate of environmental
change.

Trends in Ecology & Evolution
OPEN ACCESS

Trends in Ecology & Evolution, December 2022, Vol. 37, No. 12 1073

180 C. Other works



Here, we leverage themechanisms of evolutionary response that we have discussed to suggest a
baseline of testable hypotheses for how the facilitative role of plasticity may change as environ-
mental parameters change (see Boxes 1–3 and the figures therein). Our primary goal is to call
attention to how plasticity’s contribution to adaptive evolution depends on environmental context.
Contradictory hypotheses abound; we contend that these in fact present focal targets for future
empirical validation.

Box 2. Hypotheses regarding the benefit of plasticity on adaptive evolution in response to increasing environmental variation

As in Box 1, each of these hypotheses utilises moving optimum theory, here determining the impact of increasing environmental variation on plasticity’s role in adaptive
evolution (Figure I).

Hypothesis B[i]

The benefit of plasticity to adaptive evolution increases with increasing environmental variation. As the environment becomes more variable, plastic responses can
dampen detrimental effects of unpredictable fluctuations, thereby preventing extinction [71,72,75]. Buffering can afford the population more time to reach its adaptive
peak via adaptive evolution. This benefit would eventually cross a point of diminishing returns, as when the environment becomes too variable, the costs of plastic
responses may outweigh their benefits. This decrease in the benefit of plasticity is in part due to the lack of predictability in the temporal environment. Moreover, in a highly
variable environment with a stationarymean, evolutionmay be nonadaptive [2,88], and thus plasticity may allow the genotypic mean to remain near the environmental mean
amidst the environmental variability.

Hypothesis B[ii]

The benefit of plasticity to adaptive evolution decreases with increasing environmental variation. In an environment with low variation, plasticity works together with
evolution to fix advantageous traits for the new environment. As the environment becomes more variable, plastic responses may drive a disconnect between
phenotypic selection and genotypic selection, ultimately making the genetic variation in the population maladapted to future environmental conditions. In other
words, plasticity might help a population more flexibly explore the fitness landscape, therefore avoiding being stuck in a valley or a local peak, and instead finding
a global peak when the environment is moderately variable. If the environment is too variable, however, ‘peak-searching’ can be disrupted even with plasticity
because the landscape itself shifts quickly.

Hypothesis B[iii]

The benefit of plasticity to evolution is highest in low and high environmental variability. The ability of the trait mean in the population to reach the peak of fitness
landscapes via adaptive evolution may be optimal at an intermediate level of environmental variance. In this case, the facilitative role of plasticity would be low at an
intermediate level of environmental variance if it masks genetic variance of the population from selection, or shifts the phenotypic average.

As in Box 1, more experimental and theoretical work would help address the mechanisms underlying Hypothesis B[i]–[iii]. For instance, the impact of temperature
variation on the grass Brachypodium distachyon is being studied using greenhouse experimental settings [89]. Systems like this, where researchers are already
quantifying plastic traits and the impact of environmental variability, are ideal to test these hypotheses. Moreover, although controlled greenhouse and laboratory studies
are necessary to improve understanding of plasticity’s impact on adaptive evolution, they may obscure potential costs of plasticity [81]. Thus, studies that increase in
realism from greenhouses to the field are necessary, and model grass species pose ideal candidates for work at both scales [90].
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Figure I. Hypotheses for the
relationship between the amount
of environmental variation and
benefit of plasticity for adaptive
evolution. The left side of the panel
depicts an increase in environmental
variation over time. The right side of the
panel shows Hypotheses [i–iii], which
describe an [i] increasing, [ii] decrease,
or [iii] intermediate optimal in benefit of
plasticity for adaptive evolution with
increasing environmental variance.
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Concluding remarks
A growing number of studies have tested the predictions generated from H1 and H2 (e.g., the
Baldwin effect, plasticity-first hypothesis, and Bogert effect) [5,10,22,92]. Yet, as far as we
know, no study to date has systematically compared and contrasted, theoretically or experimen-
tally, how these predictions differ across the three parameters of environmental change (rate of
change, variation, autocorrelation) (see Outstanding questions). Here, we pose a framework
yielding testable hypotheses to encourage both experimental and theoretical research that
takes into account simultaneous variation in plasticity and genetics in response to changing

Outstanding questions
How can the effect of plasticity on
evolution be quantified? We suggest
that manipulating the rate of mean
change, variability, or autocorrelation
with appropriate controls could
elucidate the interplay between plasticity
and selection. Importantly, focusing on
how these environmental drivers impact
heritability, selection, genetic variability,
within-generational plasticity, life history,
or population size can clarify the mecha-
nism of influence on plasticity’s impact
on adaptive evolution. To test these
hypotheses, one must first define the
types of environmental change that may
be experimentally manipulated, the
genetic mechanisms that affect the
trait(s) of interest (see section 'Mecha-
nisms of evolutionary response to
changing environments: interactions
between environmental change and
genetic variation, heritability, and selec-
tion'), and type of plasticity in the popula-
tion (see section 'Mechanisms of
ecological response to changing environ-
ments: interactions between environ-
mental change and life history,
plasticity, and population dynamics').
Specifically, progress must be made to
further understanding of related mecha-
nisms such as epigenetic changes, the
role of cryptic genetic variation, as well
as the prevalence of costs of plasticity.

Which hypotheses (Boxes 1–3) of the
potential role of plasticity are most
robust and accurate? This question
cannot yet be answered, for the
hypotheses we have put forth, which
are stimulated by both ecoevolutionary
theory and evidence, are thus far
untested regarding their relative
prevalence or accuracy. Thus, the
need for experimental data, both in
the laboratory and in natural settings,
is vital to increase our understanding
of the relative prevalence of each
prediction. Moreover, new information
about the mechanisms underlying
ecological and evolutionary responses
to different types of environmental
change will raise new questions
regarding when plasticity’s potential
role in adaptive responses might be
greatest.

Can knowledge about the context-
dependent role of plasticity in adaptive
evolution aid in land management and
determine conservation priorities? We
suggest that simultaneously estimating

Box 3. Hypotheses regarding the benefit of plasticity on adaptive evolution in response to increasing
environmental temporal autocorrelations

As in Boxes 1 and 2, we construct hypotheses regarding the impact of environmental autocorrelation on the potential
benefit of plasticity for adaptive evolution, and adaptive tracking (Figure I).

Hypothesis C[i]

The benefit of plasticity to adaptive evolution increases with increasing temporal autocorrelation. Higher autocorrelation in
the environment corresponds to higher reliability of temporal cues and thus higher predictability of future environmental
states [82]. Therefore, plastic responses may more accurately track moving selection targets, and aid adaptive tracking.
In addition, adaptive evolution may be less likely to occur in isolation in highly autocorrelated environments.

Hypothesis C[ii]:

The benefit of plasticity to adaptive evolution decreases with increasing temporal autocorrelation. Autocorrelation can occur at
various temporal lags [29] and the length of the lag can be out of sync with the pace of life history (e.g., generation time) of the
focal species. In such case greater environmental autocorrelationmight lead to the population existing in unfavourable conditions
for long periods of time. If the populations stay in unfavourable conditions for extended periods, it can see a reduction in genetic
variation and increase in extinction risk. Thus, the ability for plasticity to help adaptively track optima may decrease.

To test hypotheses C[i]–[ii], different levels of temporal autocorrelation must be generated. The impacts of temporal autocorre-
lation on life history, population dynamics, and plasticity have been studied [66,70,82]. However, to test hypotheses C[i]–[ii],
controlled studies across generations need to be conducted to assess a variety of autocorrelation scenarios on
intragenerational and intergenerational adaptation. In addition to systems recommended in Boxes 1 and 2, marine invertebrate
systems such asBugula neritina,which are likely to be impacted by varying temporal autocorrelation [91], would pose an ideal
system to test these hypotheses. To test hypotheses C[i]–[ii], we also need theoretical models parameterised to estimate the
changing impacts of temporal autocorrelation, in addition to experimental studies in controlled environments.

TrendsTrends inin EcologyEcology & EvolutionEvolution

Figure I. Hypotheses for the relationship between temporal autocorrelation and benefit of plasticity for
adaptive evolution. The left side of the panel depicts an increasing temporal autocorrelation in the environmental
state over time. The right side of the panel shows Hypotheses [i–ii], which describe an [i] increase or [ii] decrease in the
benefit of plasticity for adaptive evolution with increasing temporal autocorrelation.
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environments.We argue that autocorrelation, the least understood facet of environmental change
in regard to the interplay between plasticity and evolution, deserves further exploration, in tandem
with rate of change and variation. Specifically, the scientific community will gain key insights from
scaling laboratory experiments with autocorrelation treatments to natural environments. Thus, we
recommend a special focus be placed here, given expected increases in autocorrelation (with
local variation) in both marine and terrestrial systems due to climate change.

Phenotypic and genotypic data from natural populations exposed to changing environmental
regimes are becoming increasingly common. These data allow direct assessment of genetic
and plastic adaptive processes over time and under different environmental scenarios. Therefore,
the time is ripe to reassess our understanding of the relative roles of phenotypic evolution by
selection and plasticity. Here, we have introduced an integrative framework that delineates
hypotheses for when and how much plasticity might facilitate adaptive evolution and persistence
under realistic types of environmental change. With more explicit theories and field
measurements of how the rate of change, variability, and temporal autocorrelation of the environ-
ment impact the mechanisms of evolutionary responses (see Outstanding questions), we may
reach a deeper understanding of species responses in the Anthropocene.
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Letter

The importance of
spatial and temporal
structure in determining
the interplay between
plasticity and evolution
Anna C. Vinton ,1,*,@

Samuel J.L. Gascoigne,1

Irem Sepil,1 and
Roberto Salguero-Gómez1,2,3

Hoffmann and Bridle [1] describe two
processes that the framework introduced
by Vinton et al. [2] did not explicitly con-
sider. These two processes, reversibility
of plastic responses and time lags in sensi-
tivity of responses to the environment, can
affect how plasticity impacts evolution.
These processes are easily incorporated
into our framework by adding stage
structure and lagged environmental drivers.
In Vinton et al. [2], when discussing the
costs of plasticity, we primarily focused
on energetic impacts on fitness, and
the role of environmental predictability.
Hoffmann and Bridle [1] are correct
that differential impacts of plasticity
across an individual’s lifetime might de-
termine its response to different types
of environmental change.

In Vinton et al. [2], we took a quantitative
genetic approach whereby an individual’s
phenotypic trait can be decomposed into
a genetic and environmental component.
Environmental drivers impact the environ-
mental component of the phenotype [3].
For example, the presence of predators
may induce the development of armour
in Daphnia [4]. Morphological traits such
as armour that develop early in life are irre-
versible. Such irreversible plasticity could
impact population dynamics and evolution
if there is a cost of having armour in a
predator-free environment, a cost to not
having it in a predator-rich environment,

and/or the presence of predators fluctuates
with time. Thus, the expression of armour
remains constant at all ages greater than
the age at which it was produced. In con-
trast, other traits are reversible. For instance,
in Drosophila melanogaster, individuals
can reversibly adjust the fluidity of their
membranes in response to temperature
change [5]. Such phenotypically plastic
reversibility is most likely to impact evolu-
tion for long-lived species, or species
which experience high intragenerational
environmental variation.

Both the reversibility of plasticity and tem-
poral lag between the environmental cue
and the plastic response become especially
relevant for individuals experiencing high
temporal variation, especially in environ-
ments with low temporal autocorrelation.
For example, Daphnia exposed to predator
cues produce offspring that develop spines
even if the offspring does not experience
these cues. Thus, parental and develop-
mental cues can contradict each other
and the adaptive anticipatory effects prove
maladaptive. Environmental lags such as
these are straightforward to incorporate
into the framework in Vinton et al. [2]. To
do so, one must identify the pertinent envi-
ronmental drivers from previous time steps
and link their effects on phenotypic transi-
tions going forward [6].

Furthermore, spatial structure can impact
the effect of plasticity on fitness [7]. If the
environment is locally heterogeneous, the
organism might experience multiple envi-
ronments during its lifespan – in this con-
text plasticity will be beneficial. In contrast,
if the environment is locally homogeneous,
individuals may only experience a single
type of environment within their home
range. Here, there is less opportunity to
modify their phenotype.

The reversibility and time lags of plasticity
can be incorporated into our framework
introduced in Vinton et al. [2] via an ex-
plicit temporal component. This component

accounts for the stage of individuals, as well
as other issues that we did not include in
depth, such as how the cost of plasticity
may be related to the life stage in which
it occurs (Figure 1). To incorporate these
drivers, we recommend two relevant widely
used methods: structured population and
individual-based models (IBMs). Structured
population models such as integral projec-
tion models (IPMs) have the advantage that
they quantify all possible transitions between
phenotypic traits, even if these transitions
are unlikely. These models can also be
analysed with the tool box of linear algebra.
Specifically, trade-offs of plasticity within
lifecycle stages, or related to a quantitative
trait such as body size, can be incorporated
to assess the impact of plasticity on popula-
tion growth rate and evolution [3]. Similarly,
spatial structure can also be incorporated
[8]. Performing integrated sensitivity analysis
would allow us to assess how important
specific stages or traits are to population
dynamics and evolution while explicitly
incorporating lagged trade-offs. The data
to construct a model necessary for such
analysis are best obtained via experimental
manipulations – or via simulations. In addi-
tion to the data recommended in Vinton
et al. [2], experimental work will be neces-
sary to parameterise the stages at which
individuals are most sensitive to environ-
mental change, as well as at the stages
where phenotypic plasticity occurs [9].

A limitation of IPMs is that they become
computationally demanding when the
number of phenotypic traits being tracked
becomes large. IBMsmay bemore appro-
priate in such cases. A limitation of IBMs,
however, is that they only iterate forward
a sample of all possible phenotypic transi-
tions, such that each run of the model will
produce a different outcome, thus limiting
reproducibility. Nonetheless, the algorithms
defining IBMs are similar to those used in
structured population models. This similarity
means that, for low dimensional stage
models, insights gained from IPMs and
IBMs are equivalent [10].
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The flexibility of the proposed modelling
approaches has been vastly increased
in recent years. For instance, IPMs have
been expanded to examine the role
of plasticity on population growth rate,
phenotypic traits, life history traits, and
ecoevolutionary dynamics [3]. An exam-
ple includes the role of plasticity in great
tit (Parus major) in hatching date, coupled

with shifts in temperature [11]. Although
reversibility and environmentally lagged
variables have not been explicitly incor-
porated into these approaches, it is
a simple step to do so. The conditions
under which these processes impact the
role of plasticity in adaptive evolution
have yet to be investigated, and there
will likely be parameter space in which

factors such as reversibility and lag time
are more or less impactful. We pose the
utilisation of the aforementioned well-
developed approaches to theoretically and
empirically explore the impact of these
processes. Ultimately a spatiotemporal
framework will lend the ability to connect
hypotheses drawn from Vinton et al. [2]
to real-world systems.

Factors that influence
the effect of plasticity
on adaptive evolution

Spatial structure Stage structure

Environmental
component

Trait reversibility
and temporal lag

Reversible Irreversible
Temporal lag

Armour in
DaphniaBehaviours

Reduced metabolic
rate in poor
conditions

Membrane
fluidity

Simple Complex

versus

Local homogeneity Local heterogeneity
Development Senescence

Egg Juvenile Adult Old
age

Reproduction

Low variance

High variance

Rate of mean
change

Autocorrelation

Variance

Red noise
White noise
Blue noise

Slower

Faster

TrendsTrends inin EcologyEcology & EvolutionEvolution

Figure 1. Factors that impact the cost of plasticity on individual fitness. In addition to the components discussed in Vinton et al. [2], here we explicitly include the
importance of the reversibility and temporal lag of plasticity, spatial structure and stage structure in the impact of plasticity on adaptive evolution. Spatial complexity (top left)
depicts the importance of the scale of spatial variability within an individual’s home range. Stage structure (top right) depicts the importance of the stage (e.g., age or body
size) in the potential benefit of plasticity. Trait reversibility and temporal lag (bottom right) refer to the potential impact of whether plasticity can be reversed, and the time lag
between when an individual is sensitive to an environment, and when the plasticity is manifested. Lastly, environmental component (bottom left) refers to the different types
of temporal change discussed in Vinton et al. [2], changes in the environmental mean, variation, and temporal autocorrelation.
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Abstract 
In this paper, we revisit the long-standing debate of whether there is a pattern 

in the evolution of organisms towards greater complexity, and how this 

hypothesis could be tested using an interdisciplinary lens. We argue that this 

debate remains alive today due to the lack of a quantitative measure of 

complexity that is related to the teleonomic (i.e. goal-directed) nature of living 

systems. Further, we argue that such a biological measure of complexity can 

indeed be found in the vast literature produced within life history theory. We 

propose that an ideal method to quantify this complexity lays within life history 

strategies (i.e., schedules of survival and reproduction across an organism’s life 

cycle), as it is precisely these strategies that are under selection to optimise the 

organism’s fitness. In this context, we set an agenda for future steps: (1) how 

this complexity can be measured mathematically, and (2) how we can engage 

in a comparative analysis of this complexity across species to investigate the 

evolutionary forces driving increases or for that matter decreases in teleonomic 

complexity. 

Keywords: biological complexity; evolutionary trends; fitness; goal directedness; life history 

theory; life history complexity; optimality; teleonomy. 
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1 Introduction 

In a 1991 paper in this journal, Daniel McShea criticised the longstanding conviction 

among evolutionists, ever since Darwin (1859), that the complexity of species 

increases over evolutionary time, in addition to the closely related idea of progressive 

evolution (see Levit and Olsson 2006). Aiming to question these ideas, McShea 

argued that there is almost no empirical evidence supporting this belief in a kind of 

directionality of evolution and that biologists may simply be misled by their own 

biased presuppositions. Further, he suggested that research should shift from more 

theoretical model-building work to empirical inquiries into actual increases in 

complexity offering several avenues for future research. Unfortunately, such a shift 

has not yet taken place. Rather, it seems that the interest among evolutionary 

biologists in the notions of complexity and progress has been waning for at least 

three decades, with the exception of their own work (McShea 1996a,b, 2021; McShea 

and Brandon 2010). Despite the scepticism advocated by McShea, however, it 

appears that biologists (as opposed to philosophers of biology) have nevertheless 

remained convinced in the consensus idea of an increase in complexity through 

evolutionary time. 

The goal of this programmatic paper is to argue that McShea may have been 

incorrect in attributing this belief to mere cultural or perceptual biases among 

biologists. While we agree with his call for more empirical research, we do not share 

his dismissal of theoretical model-building work to understand complexity. Our core 

argument in this paper is that the natural phenomenon driving most of these ideas 

and intuitions regarding the directedness of evolution towards complexity is not any 

kind of complexity, but a special kind of complexity, distinct to the study of living 

systems, that has been increasing ever since the origin of life. We argue that this 

debate remains unresolved because of the lack of a distinctive biological measure of 

complexity that is related to the teleonomic nature of living systems. 

Importantly, we use Pittendrigh’s (1958) definition of the term ‘teleonomic’, 

as an evolutionary replacement of pre-Darwinian teleological explanations, i.e. that 

life is to be explained in terms of its purpose (often associated with a designer) rather 
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than the mechanisms that gave rise to it. The concepts of goals, purposes, functions, 

and the like were revolutionized in the light of Darwin’s theory of evolution by 

natural selection that explained them in causal terms. For instance, the goal of an 

organism is the maximization of fitness - not because that is true for any living system, 

but because natural selection has selected for such individuals in the past, which gives 

us predictive power to theorize about individuals in the present. Thus, as we use 

‘teleonomic’ in this article, we define ‘teleonomic’ as the goal-directedness of living 

systems towards fitness-maximization. While the term teleonomic is also relevant for 

discussions of the ‘functions’ of traits, that is not the focus of this article, which is 

also why measures of functional complexity do not successfully capture the goal-

directness of organisms (see McShea 2000 for an overview of this literature). By using 

this teleonomic lens, we conceptualize teleonomic complexity in terms of how 

complex the strategies are that organisms have evolved in order to achieve this goal. 

Some of these strategies are recognizably more complex and our goal here is to 

emphasize the need to measure and study this complexity. 

Furthermore, we argue that such a biological measure of complexity is already 

available within the rich arsenal of metrics provided by life history theory and 

comparative demography. It is only in assessing the complexity of life history 

strategies that we are provided with a teleonomic measure of complexity that assesses 

the degree of complexity within evolved life history strategies in the pursuit of the 

goal of fitness-maximization. In addition, we conclude by outlining two directions 

for future research, one concerning how this complexity can be measured 

mathematically, and the other for how we can engage in a comparative analysis of 

this complexity across species to gain key insights toward understanding the 

evolution of organismal complexity. 

Article Outline 

This programmatic paper is structured as follows. In Section 2, we outline the debate 

on the evolution of complexity and argue that we should not be interested in any 

kind of complexity when it comes to the evaluation of progressive views of evolution 

without considering teleonomic complexity. In Section 3, we discuss how to measure 

teleonomic complexity, one must turn to life history theory. Finally, Section 4 

outlines avenues for further research into the evolution of complexity. 
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2 Complexity and Evolution 

We agree with McShea (1991) in that discussions of biological complexity have been 

present among a long row of evolutionists dating back to Darwin1, Lamarck (1984), 

Cope (1871), Spencer (1890), Huxley (1953), Rensch (1960), Simpson (1961), and 

that these discussions have been of particular importance in the investigation of 

macro-evolutionary trends in paleobiology (Eble 2005; Jablonski 2005; Lowery & 

Fraass 2019). Despite some critiques of the idea, the last century saw great confidence 

in the idea that evolution increases complexity: 

 
[I]ncreasing complexity is still the conventional wisdom. Clear statements that 

complexity increases can be found in the work of Stebbins (1969), Denbigh 

(1975), Papentin (1980), Saunders and Ho (1976; 1981), Wake et al. (1986), 

Bonner (1988), and others. And lately the new thermodynamic school of 

thought has added its voice to the chorus: Wicken (1979; 1987), Brooks and 

Wiley (1988), and Maze and Scagel (1983) have all argued that complexity 

ought to and does increase in evolution. In my own experience, the consensus 

extends well beyond evolutionary biology and professional scientists. People 

seem to know that complexity increases as surely as they know that evolution 

has occurred. 

– Daniel McShea (1991, p. 303) 

Much of the writing on biological complexity has unsurprisingly focused on the 

evolution and explosion of multicellular life and body-plans in the Cambrian. And 

yet, despite this conventional impression and the search for evidence for this thesis, 

very little evidence either in favour or against the hypothesis has been obtained. As 

McShea (1991) notes, few have actually empirically investigated whether complexity 

increases with evolutionary time. Yet, there have been many attempts at developing 

adaptive rationales for why an increase in complexity is beneficial and ought to be 

expected. 

Biologists have long confidently maintained that ‘organismal’ or ‘biological 

complexity’ will increase throughout evolutionary history. Indeed, this is an idea that, 

as McShea (1991) points out, “extends well beyond evolutionary biology and 

professional scientists. People seem to know that complexity increases as surely as 

they know that evolution has occurred” (p. 304). This strange attraction to the idea 

that complexity inevitably increases with evolutionary time may be especially 

perplexing since it sits uncomfortably close to older vitalist and teleological views of 

 
1 Though as McShea (1991) notes, Darwin only discussed his views on 

marcoevolutionary trajectories toward complexity in his Notebook E, not in his Origin (see 

Darwin 1987, p. 422). 
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progressive evolution or as it is sometimes called ‘orthogenesis’ (Ruse 2019). It is thus 

unsurprising that McShea (1996b) has been critical of attempts to revive Herbert 

Spencer’s ideas of progressive evolution and the adaptive rationales of complexity 

and mind (Godfrey-Smith 1996), though also noting that the idea of progressive 

evolution remains “essentially the conventional wisdom even today” (p. 469). While 

we do not agree that the idea of progressive evolution is conventional wisdom today 

(or for that matter, even in 1991), the seeming increase in complexity in organisms 

such as during the Cambrian explosion (Valentine et al. 1994) has certainly come to 

inspire a lot of speculation (e.g., Carroll 2001; Zhang et al. 2014). If there is no 

evidence for an increase in complexity over evolutionary time-scales, however, there 

would appear to be little point in offering an adaptive explanation for a phenomena 

that may merely be a myth - perhaps as other critics of the idea alongside McShea 

(1991), such as Williams (1966), Lewontin (1968), Hinegardner and Engelberg (1983) 

hint at, a remainder of earlier hierarchical views of the biological world with humans 

placed on top that biologists have largely abandoned, though remain popular among 

the public. 

McShea (1991) highlights how both empirical and theoretical studies have 

lacked rigor. For instance, most studies and perspectives miss concise discussions of 

what complexity actually means. Admittedly, while the concept has long puzzled 

philosophers and scientists alike, it seems reasonably clear that complexity is a 

phenomenon in nature. Complexity is as our folk understanding of the term rightly 

suggests opposed to the idea of simplicity, but this understanding does not give us 

much purchase on making the notion precise. Parts of nature can be readily placed 

on a continuum from simplicity to complexity. A frog catching a fly is more complex 

than a stone washed up at a beach. So one might be hopeful that we could develop a 

straightforward and unified measure of complexity to capture this phenomena in 

nature - a way of ranking systems on a single scale of complexity. Yet, attempts to 

operationalize complexity have resisted consensus. 

We believe that part of the challenge here has been especially due to attempts 

to provide biologically neutral measures of complexity that could in principle be 

applied to any non-biological system. These neutral measures miss out on what we 

think has driven most advocates of the view that natural selection would select for 

greater complexity. For example, McShea (1991) repeatedly emphasizes that it is 

morphological complexity, rather than genetic complexity or ecosystem complexity, that 

he is interested in. And as he makes clear, the way this complexity should be measured 

has largely been inspired by researchers in information theory whose 

operationalizations of complexity could be applied to living and non-living systems 

alike.However, we argue the complexity that matters for biological systems should 

be informed by the drivers of evolutionary change; a teleonomic measure of 

complexity that assesses how the complexity of different strategies organisms have 

evolved to achieve their goal of fitness maximization.  
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One rough-and-ready measure of biological complexity in terms of 

heterogeneity is found, as Godfrey-Smith notes, in Bonner’s 1988 book The Evolution 

of Complexity, where he measures complexity as a function of distinctive cell types in 

a multicellular organism, a move typical in discussions on cell-differentiation, division 

of labour, and the evolution of multicellularity (see Márquez-Zacarías et al. 2021). 

While this measure certainly is closer to the kind of teleonomic complexity we are 

interested in, it is only a proximate measure at best since it makes no reference to the 

complex trade-offs organisms undergo in the pursuit of fitness maximization. 

Furthermore, this definition in terms of heterogeneity lacks scale. For example, a 

patch of one cell is less complex than a patch of three cells. But, what if they can be 

differentiated? How does a patch of five cells of the same type compare to a patch 

of two cells of different types? The definition falls under the weight of its own 

constraints - in turn lacks scale. This shortcoming emphasizes the necessity of 

scalability in a measure of biological complexity. The metric must be exhaustive in 

the parameter space it can describe. In turn, the biological complexity of an Escherichia 

coli, a gopher and a giant squid from the depths must exist at some point in the same 

parameter space quantifying biological complexity. 

In explaining ideas about biological complexity, many have drawn on 

Shannon’s (1948) information theory published in “A Mathematical Theory of 

Communication”, sometimes referred to as ‘Shannon information’ or ‘Shannon 

entropy’. Following Godfrey-Smith (1996), Shannon information can be calculated 

as follows: for any system that has an exhaustive number of possible states, there is 

a probability of being in that state i denoted as Pi, “then the complexity or disorder 

of the system is measured as: E = −∑Pi log2 (Pi)” (p. 28). If there are few possible 

states or most of the probability space is exhausted by a few options, entropy or 

thermodynamic probability is low, i.e. there is little uncertainty. If there are many 

alternative states with similar likelihoods, however, then uncertainty is high and the 

system is more complex. The higher the entropy, the higher the (potential) 

informational content of the states. Here, both organisms and environments can be 

understood as complex or simple  the number and probability of their possible states. 

However, what these measures are lacking is a link to the ‘goal’ of biological systems, 

i.e. fitness. While these measures of entropy are certainly useful to capture uncertainty, 

variability, changeability, heterogeneity, and disorder of systems (Godfrey-Smith 

1996), we are skeptical that it captures the kind of complexity that is important to 

living systems (Smith 1975). This skepticism is so because, as mentioned above, they 

do not recognize the complex strategic trade-offs organisms undergo to maximize 

their fitness. Indeed, in the measure of entropy there is no connection to the 

biological notion of reproduction and survival, the building blocks of organismal 

fitness.  

Finally, to understand teleonomic complexity, we have to understand the 

population rather than the individual, which is neglected in many such measures of 
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biological complexity. As van Groenendael et al. (1994) note, “Variation in life history 

traits among individuals within populations is ubiquitous in both plants and animals” 

(p. 2410). Nevertheless, the fact that life history strategies can be very complex also 

makes them very difficult to study. As such, we are happy to take up the task McShea 

(1991) has left to the discipline: “I leave it to others to discover the extent to which 

my remarks apply in other complexity domains” (p. 305). Why does the teleonomic 

complexity of species increase over evolutionary time? As we shall argue in the next 

section, the means for this task are to be found in life history theory as the theory of 

organismal strategies we find in nature. 

 

3 Life History Theory and Teleonomic Complexity 

Life history theory originated out of the study of the trade-offs between survival and 

reproduction. Some of these were very simple mathematical models (e.g. Leslie and 

Lefkovitch matrix population models: Leslie 1945; Lefkovitch 1965), while others 

were quite complex to understand the schedules of survival and reproduction can 

impact fitness (see especially Stearns 1992; Roff 1992). As Veit (2023) puts it: “To 

understand a species’ teleonomic strategy is to understand their species-specific 

trade-offs between costly investments of resources into development, fecundity, and 

survival, with fitness providing an ultimate ‘common currency’ for this economic 

decision problem, or ‘game’ against nature” (p. 13). Trade-offs are universal and so 

the so-called Darwinian demon cannot evolve. Because of the myriad factors that 

have to be traded off against each other, it is no surprise that Morbeck et al. (1997) 

has nicely described life history theory as providing us with “a means of addressing 

the integration of many layers of complexity of organisms and their worlds” (p. xi). 

It is here that we find ourselves provided with the theoretical means to understand 

teleonomic complexity.  

While Lewontin criticized adaptationism for not being able to deal with trade-

offs and treating organisms as mere robotic bundles of traits (Lewontin 1985; see 

also Gould and Lewontin 1979), life-history theory offers an adaptationist framework 

to make sense of just such trade-offs. These trade-offs can be seen as the result of 

natural selection shaping traits such that a life history agent is able to pursue their 

goal of maximizing fitness: 

 
In life-history theory, [...] numerous aspects of an organism’s life-cycle, such as 

the timing of reproduction or the length of its immature phase, can be 

understood by treating the organism as if it were an agent trying to maximize 

its expected number of offspring-or some other appropriate fitness measure-

and had devised a strategy for achieving that goal. 

– Samir Okasha (2018, p. 10) 
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As evolution gives rise to more complex life history strategies, it is easy to see why 

many early evolutionists were convinced of the idea of progressive evolution. With 

fitness-maximization being both the teleonomic ‘goal’ and cause of organisms, life 

histories allow us to study the varying degrees of complexity organisms use to achieve 

this goal (e.g., from the relatively simple and fatally semelparous salmon to the 

relatively complex immortal jellyfish, Turritopsis dohrnii, that can reproduce sexually 

and asexually aswell as switch back and forth between sexual mature and sexually 

immature stages). We, therefore, think that our notion of teleonomic complexity 

offers an elegant way of explaining the connection between complexity and ‘progress’ 

that has often been made in this debate without necessarily having to explain it away 

as a mere cognitive bias. 

Interestingly, such a teleonomic perspective does not have to imply that 

increases in complexity are inevitable. Indeed, because increases in complexity are 

typically associated with costs there is also an evolutionary drive towards simplicity, 

i.e. organisms developing less complex strategies. Two excellent examples that make 

this obvious are annualism and dwarfism.  

While most animals typically reproduce over multiple reproductive cycles, 

many plants such as annual weeds are annualists, i.e. their life cycle involves only a 

single breeding season before the individual dies (Hautekèete, Piquot & Van Dijk 

2001; Friedman 2020). On the other side, we find perenniality, i.e. life cycles lasting 

more than one year. Should we expect natural selection to inevitably move species 

towards perenniality? When chance of survival is low it makes sense for species to 

evolve very short life cycles and invest everything in one of few reproductive cycles. 

Natural selection thus often makes life history strategies less complex by moving 

from complex trade-offs towards investing everything in one breeding season (Bena 

et al. 1998; Fox 1990). Furthermore, species often switch quite rapidly (in 

evolutionary terms) from one strategy to the other or for that matter back again, 

suggesting that there is a lot of evolutionary pressure on the costs of more complex 

life history strategies (Friedman 2020). Similarly, we can find dwarfism in many 

species, i.e. individuals or species becoming significantly smaller in response to 

selection. Examples include the pygmy marmoset, Callithrix pygmaea (Montgomery & 

Mundy 2013), which stands in opposition to the common observation that animal 

size increases over time (Alroy 1998). The selective pressures that lead to dwarfism 

are manifold, though the most often discussed factor is related to the isolation of 

breeding populations to islands (Foster 1964). As we hope to have thus made clear, 

we should not expect some general explanation that can explain changes in life course 

complexity across all of life. Our explanations will have to be more fine-grained than 

that. Steiner and Tuljapurkar (2022), for instance, have recently shown using life 

history data that much of the non-environmental and non-genetic variability of 

phenontypes in a population cannot simply be categorized as neutral in respect to 

evolution, or for that matter selected for or against. The variability of life courses 
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within even a single population remains a major puzzle within the field (see also Flatt 

2020) and we hope that the development of our framework will help us move closer 

towards an understanding of how and why life history strategies change over 

evolutionary time. Thus, let us now turn to how this complexity can be understood 

in the context of life history theory. 

 

 

Life History Strategies and Complexity 

A life history strategy is the eco-evolutionary equivalent of a bar of soap in the 

bathtub; the firmer you try to grip its definition, the more the blighter lurches further 

from grasp. From parental care (Klug & Bonsall 2010) to dispersal (Bonte & Dahirel 

2016), a plethora of phenotypes are required to fully characterise life histories across 

the tree of life. Simply put, a life history strategy is not a physical characteristic of a 

population one can extract and manipulate. In turn, when we discuss a life history 

strategy we must require our discourse to be general across form, temporal and spatial 

scales. Life histories are combinations of life history traits, and the latter refer to key 

moments along the life cycle of a species (e.g., age at maturity, frequency of 

reproduction, rate of development and generation time; Stearns 1992). 

With this in mind, we propose we define a life history strategy as the time 

points and actions across an individual’s lifespan that allow the population to persist 

in the face of ecological perturbations. Using this definition, let us build the archetype 

of a life history strategy – in its simplest form: 

 

Figure 1: The goal of life history strategies 

All life history strategies are defined by a schedule starting from the start of a life 

history (e.g., birth, fission, cloning). This beginning is followed by a life history 

strategy that directs the individual towards a goal (e.g., maximizing lifetime 

reproductive output or inclusive fitness). 

Now that we have built our archetypal life history strategy, let us explore life 

history complexity. We can define life history complexity as being informed by two 

components of the aforementioned life history strategy. Firstly, life history 

complexity is informed by the number of paths  individuals of the same population 

can take from the beginning of their life history to their goal - a term known as 

individual heterogeneity in life history theory (Tuljapurkar et al. 2008, Vindenes & 

Langangen 2015). Secondly, life history complexity is informed by the relative 
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contribution of each of the paths toward the goal. For example, here are two life 

history strategies with different levels of life history complexity due to the number of 

possible paths. 

 

Figure 2: Complex and simple life history strategies 

Furthermore, here are two life history strategies that differ in their complexity based 

on the evenness in importance of paths for individuals to reach their goal. 

 

Figure 3: Complex and simple life history strategies 

In short, by analysing the number and importance of paths in a life history, we are 

able to (even if only relatively) create a framework for life history complexity that is 

both based on the necessary properties of a life history strategy - shown in the 

archetypal example – and scalable across modes of life history research (e.g., from 

demography to behavioural ecology to developmental biology). 

While we will not go into the mathematical measurement of this complexity in 

this paper here, we will nevertheless note that it will be straightforward to calculate 

this complexity by drawing on available matrix population models - a discrete time 

stage/age structured mathematical model where survival, growth and reproduction 

values are coerced into matrix form - of different species’ demographic data to assess 

their life history strategies. As Van Groenendael et al. (1994) have argued, matrix 

models have shown themselves to be extraordinarily useful for the mathematical 

analysis of complex life history strategies (see also van Groenendael et al. 1988), 

which is why we believe it will provide the ideal resource to measure life history 

complexity. 
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4 Conclusion and Further Directions 

Our goal in this paper was to introduce a set of conceptual ideas on how to assess a 

distinctive kind of biological complexity unique to living systems that we have called 

teleonomic complexity. In his seminal paper, McShea (1991) assumed that we should 

think of ideas about the evolution of complexity as being about morphological 

complexity.  Yet, we have argued that the seemingly progressive evolution views of 

these authors can be naturalized in a less problematic sense in terms of an increase 

in teleonomic complexity without thereby invoking the idea of orthogenesis. As we 

hope to have made clear here, the apparent belief of many evolutionists in progress 

towards greater complexity can in principle be naturalized in a Darwinian way by 

restating this thesis as one about an increase in teleonomic complexity. That is, over 

evolutionary time, more complex life history strategies will emerge and it is this 

teleonomic complexity that we should be interested in. 

That this complexity should be measured through the lens of life history theory 

was the second argument of our paper. All species have evolved life history strategies 

to achieve their teleonomic goals of maximizing their genetic representation in the 

next generation. These fitness differences can be mapped out in different ways to 

assess the diversity of life and one important dimension along which we can assess 

this diversity is of course complexity. Some life history strategies are more complex 

than others and natural selection is leading to an ever-growing exploration of more 

complex life history strategies (Giménez et al. 2004; Sebert-Cuvillier et al. 2007; 

Higgins et al. 2015). We are, of course, not endorsing the simplistic orthogenesis view 

that evolution leads to perfection and greater complexity as an end in itself. However, 

complex design solutions to the problems animals, plants, and other organisms face 

do not come out of nowhere. Their history is one from successively more complex 

strategies upon which more complex strategies can come to be explored. Natural 

selection provides an entirely unproblematic kind of progress if it is defined in a 

teleonomic manner, since we can expect it to come up with new and more ‘ingenious’ 

strategies that make sense of the apparent directness of evolution. We have thus 

argued against the suggestion by McShea that biologists may have fallen victim to 

their own cultural and perceptual biases forces scala naturae thinking into our view of 

life. 

Nevertheless, while we have offered an explication of the idea of teleonomic 

complexity here, it remains a difficult problem to show how we can measure this 

complexity in practice. Acknowledging the difficulty of this task, we are currently 

working on a follow-up paper, where we will draw on graph theory to demonstrate 

how life history complexity can be mathematically measured such that others could 

engage in the same kinds of analyses to us of the same or other data sets. This task, 

however, will be left for another paper. 
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While we have argued that McShea depicts theoretical work unfairly, he was 

certainly right that there is a need for more empirical work to fill out what has largely 

remained a data and inference vacuum. We are carefully optimistic that teleonomic 

complexity can be expected to increase over evolutionary time, yet we acknowledge 

the need to provide further evidence for this view both in virtue of theoretical models 

and empirical studies. In another paper, we will apply our new life history complexity 

measure to the COMADRE (Salguero‐Gómez et al. 2016) and COMPADRE 

(Salguero‐Gómez et al. 2015) databases offering matrix population models of 

hundreds of animal and plants species to offer a comparative analysis of the 

complexity of life history strategies across a broad range of taxa. 

Finally, we hope that our programmatic paper will raise interest in the 

teleonomic complexity of different species, which should not be confused with other 

notions such as morphological or functional complexity. It is our hope that both 

biologists and philosophers will contribute to its investigations and in order to 

understand under which conditions life history strategies become more complex or 

for that matter become more simple. 
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MOSAIC - A Unified Trait Database 
to Complement Structured 
Population Models
Connor Bernard   1 ✉, Gabriel Silva Santos   1,2,3, Jacques A. Deere   1,4, Roberto Rodriguez-
Caro   1,5, Pol Capdevila   1,6, Erik Kusch   7,8, Samuel J. L. Gascoigne   1, John Jackson   1 & 
Roberto Salguero-Gómez   1,9,10

Despite exponential growth in ecological data availability, broader interoperability amongst datasets is 
needed to unlock the potential of open access. Our understanding of the interface of demography and 
functional traits is well-positioned to benefit from such interoperability. Here, we introduce MOSAIC, 
an open-access trait database that unlocks the demographic potential stored in the COMADRE, 
COMPADRE, and PADRINO open-access databases. MOSAIC data were digitised and curated through 
a combination of existing datasets and new trait records sourced from primary literature. In its first 
release, MOSAIC (v. 1.0.0) includes 14 trait fields for 300 animal and plant species: biomass, height, 
growth determination, regeneration, sexual dimorphism, mating system, hermaphrodism, sequential 
hermaphrodism, dispersal capacity, type of dispersal, mode of dispersal, dispersal classes, volancy, 
and aquatic habitat dependency. MOSAIC includes species-level phylogenies for 1,359 species and 
population-specific climate data. We identify how database integration can improve our understanding 
of traits well-quantified in existing repositories and those that are poorly quantified (e.g., growth 
determination, modularity). MOSAIC highlights emerging challenges associated with standardising 
databases and demographic measures.

Background & Summary
The ecological sciences have recently joined the open data revolution1–3. As a result of initiatives promoting open 
data, total species distribution records measure in the hundreds of millions4,5. Functional trait data exist for tens 
of thousands of species across the globe6–8. Global distributed networks, remote sensing, and other ecological 
sensor data networks are feeding information into the open data space, and we are experiencing a rapid increase 
in the number of ecological databases. The growth of open data is reflected in state-of-the-art climate models 
(e.g., ERA-5 [https://www.ecmwf.int/en/forecasts/dataset/ecmwf-reanalysis-v5]) becoming available at fine spa-
tial and temporal resolutions suitable for biological analyses9,10, the growth of behavioural trait datasets11, and 
large population datasets (Living Planet Data, successor to the Global Population Dynamics Database [http://liv-
ingplanetindex.org/data_portal]; Human Mortality Database;12 Human Fertility Database;13 AnAge Database;14 
DATLife [Max Plank Institute of Demographic Research 2022; https://datlife.org/]). Data access and scaling 
has extended to biological complexity at the ecological community ecology level (BioTime;15 Web of Life;16 
metaCommunity Ecology: Species, Traits, Environment and Space (CESTES17); Environmental Data Initiative 
[https://environmentaldatainitiative.org/]). The growth of records in ecology datasets and complementary 
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environmental datasets is enabling us to test ecological theory at larger and more complex scales. In line with 
the expansion of open access data practices, however, there is a need to improve and coordinate data standards 
to guide the systematic collection and management of data across different trait collection programmes18–20.

Despite the increased availability of biological data, synthesizing datasets for analysis is hampered by the lack 
of complementarity between databases. The rise of data sharing and proliferation of databases can encourage 
a fragmented and decentralized information landscape unless there is active coordination. Interoperable data 
systems reflect continuity in the format of data types and structure to allow compatibility across computers and 
software. Converting datasets into interoperable formats may require the transformation of constituent data 
types into standardized spatial, temporal, and measurement scales, accounting for known differences/biases in 
methods21. The need to improve interoperability across datasets is demonstrated by the widescale emergence of 
data harmonization initiatives across fields of ecology22–24. In the past decade, dozens of initiatives have taken 
shape to both centralize data from existing datasets and to improve data interoperability: standardising units, 
scales, and terminology for comparative purposes25,26. Unifying data formats and streamlining their integration 
unlocks the potential for existing datasets to answer questions that cut across levels of biological complexity. 
Linking together levels of biological complexity is critical for identifying how phenomena emerge and transmit 
across different levels of biological organisation, upscaling and downscaling through biological systems. For 
example, the critical linkages between genetics and biochemistry27, biochemistry and physiology28, and physiol-
ogy and demography29,30 have benefitted from dataset integration.

The limitations of global-scale datasets are shifting away from data availability and toward data interopera-
bility. For functional traits, momentum toward data integration is evidenced by recent database initiatives31 and 
global networks that, like the Open Trait Network (https://opentraits.org/), aim to standardize and integrate trait 
data across taxa18. Despite major improvements in the consolidation and accessibility of trait data, there is not 
yet a single-source centralized database spanning behaviour, physiology, habitat, and other trait data for a wide 
range of species. Existing databases are often linked by taxonomy (e.g., FishBase32, CoralTraits33, MammalBase34, 
AmphiBio35); trait type (e.g., Tree of Sex36, TreeBase37, Xylum Functional Traits38); data type (e.g., GBIF (https://
www.gbif.org/), MOL39, TetraDensity40); or a combination of the taxonomies and traits (WooDiv41, CarniDiet42). 
A number of other databases take a more general approach in their thematic scope, but are still constrained to 
a limited set of traits and taxonomy (e.g., Amniote43, Pantheria44, BIEN7,45, TRY23). MOSAIC offers a platform 
that integrates databases in the remit of species with structured population models across their ecological traits.

Here, we introduce MOSAIC, a centralized database of trait data across the Tree of Life. MOSAIC is an 
open-access database that complements the existing demographic data available in the COMPADRE Plant 
Matrix Database46, COMADRE Animal Matrix Database47, and the new PADRINO IPM Database48. MOSAIC 
v. 1.0.0 includes 14 frequently used traits that encompass morphological, reproductive, dispersal, and habitat 
type attributes for some 300 species of animals and plants. Additional traits will be added in the future (see 
Future Direction, below). MOSAIC allows users to integrate structured population data to probe larger questions 
through the collection, curation, and complementarity of relevant contextual data.

Methods
Scope and coverage of MOSAIC.  The MOSAIC database (v. 1.0.0) includes 14 key trait records across 300 
species (Fig. 1). MOSAIC is designed to provide complementary data for analysis in connection with structured 
population models: matrix population models (MPMs49), where state variables are discrete (e.g., age50, ontogeny/
development51, discrete classes of size52), and integral projection models (IPMs53), where the state variables are 
continuous (e.g., size54, mass55, parasite load56). The traits included in MOSAIC 1.0.0 were identified as a set 
of physical, physiological, geographic, and behavioural attributes of most immediate relevance to demographic 
research (see Table 1; more information at https://mosaicdatabase.web.ox.ac.uk). Traits were also selected in con-
sideration of the lack of standardized and centralized databases for certain traits (e.g., volancy, modularity, and 
growth indeterminacy; see Fig. 2 for trait variance and taxonomic structure of select traits excluded from existing 
databases). Importantly, we note that MOSAIC is not a general dataset for analysis of functional traits, as this is 
available through other extensive repositories (e.g., TRY23, BIEN7,45). Instead, the focus of MOSAIC is on provid-
ing taxonomic coverage to species with open-access structured population models available in the COMADRE47, 
COMPADRE46, and PADRINO48 databases (See Figs. 3, 4 for spatial scope and taxonomic scope with respect to 
structured population databases, respectively). MOSAIC provides a much-needed interoperability between exist-
ing databases that are relevant to demography. By doing so, MOSAIC helps to fill critical data needs of population 
ecologists and functional trait ecologists (see Fig. 5 for relevant covariance structure).

Data sources.  MOSAIC is both a meta-database (a database of databases) and a database in its own right, 
containing new trait records from primary literature (Fig. 1). The MOSAIC database contains records central-
ized from existing datasets where functional traits relevant to population ecologists can be openly accessed and 
redistributed (e.g., BIEN7,45). Licensing terms of these databases are included in the supplement (Appendix S1: 
Database Licensing Terms for Constituent Databases of MOSAIC). The records reflected in the MOSAIC data-
base do not encompass the entirety of the source databases but are instead partial facsimiles of those databases 
that reflect records relevant to demographic databases (COMADRE, COMPADRE, PADRINO). MOSAIC has 
three major components: (1) trait records sourced from existing databases (22%); (2) trait records newly procured 
through searching the primary literature (71%); and (3) trait record markers indicating the presence of records 
in non-open-access database (7%). MOSAIC trait markers exist for one of two reasons: the database containing 
the records of interest does not allow records to be accessed or limits redistribution rights behind individual 
registration and/or specific use applications; or records in other databases contain multiple records for a species, 
which do not currently fit within the data structure of version 1.0.0 of MOSAIC (see Future Targets for MOSAIC).
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In addition to identifying whether a trait record is new, the “MOSAIC” attribute field also identifies whether 
the attribute field (i.e., trait name) is part of an existing database. For example, the MOSAIC field might indicate 
that a record for specific leaf area is new for a specific species, and also that the attribute is part of databases 
such as TRY23 or BIEN7,45. By contrast, a new species record for volancy would indicate that there are currently 
no databases that systematically collect data on volancy attributes and therefore that all volancy records in the 
MOSAIC database are new.

Organisation of sources in MOSAIC.  The MOSAIC attribute field is a factorial variable with three lev-
els: MOSAIC-A, MOSAIC-B, and MOSAIC-C. The first of these levels, MOSAIC-A (Fig. 1), labels only records 
that reflect existing databases (i.e., provenance of an existing data acquisition service); the second, MOSAIC-B, 
labels new records collected by the MOSAIC team that are in a trait field within the scope of an existing data-
base initiative (e.g., specific leaf area in BIEN); and the third, MOSAIC-C, labels new records collected by the 
MOSAIC team on traits for which there is not currently a database initiative centralising records. If a datum has 
been adopted from another dataset or database, then the relevant source is referenced in the Database attribute 
column. Note that this value will be “NA” for all MOSAIC-C records, logically. Over time, data sharing will move 
records in MOSAIC-B to MOSAIC-A as the MOSAIC-B traits are assimilated in the database networks that spe-
cialize on an existing trait (i.e., data feedback; see Fig. 1).

Sources and provenance of records.  Because of existing limitations on data access, some datasets cannot 
be transferred into MOSAIC. Where data exist outside of the MOSAIC platform, but have restricted access, the 
MOSAIC database directs users toward the appropriate database on a trait and taxa-specific level (see meta-
MOSAIC). The MOSAIC User Guide (Appendix S2) explains differences between data gaps that are yet to be 

Fig. 1  Structure of the MOSAIC database (v1.0.0). The MOSAIC database comprises a combination of existing 
trait records centralised from data servers, databases, and datasets and new records collected from the primary 
literature by the MOSAIC team. Existing records are labelled, MOSAIC-A, in the mosaic metadata attribute 
field and include provenance in the metadata. New data records that adhere to existing data standards and that 
fit into the remit of an existing database (i.e., a data gap filled by the MOSAIC team) are labelled MOSAIC-B. 
New records that do not have an existing data standard or for which there is not an existing database are labelled 
MOSAIC-C.
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Aspect Variable Description Units

Taxonomy 1 Species Author
Taxonomic species name as used by the author(s) in the publication. When 
more than one study exists for the same species, these are given sequential 
numeric suffixes (e.g. Ursus_americanus, Ursus_americanus_2, etc.)

NA

(Parallels COM(P)
ADRE) 2 Species Accepted

Currently accepted taxonomic name according to the Catalogue of Life (www.
catalogueoflife.org). See the Supplementary Online Material S3 for an R script 
to check accepted and synonym names from SpeciesAuthor above

NA

3 Common Name English common name of SpeciesAccepted NA

4 Family Taxonomic family of study species NA

5 Order Taxonomic order of study species NA

6 Class Taxonomic class of study species NA

7 Phylum Taxonomic phylum of study species NA

8 Kingdom Taxonomic Kingdom of study species NA

Species 
information 
General

9 Organism type
General plant/algae type, based mainly on architectural organisation. The 
species was assigned to one of these possible values using the description of 
plant growth type provided by the author and other external sources (e.g. other 
publications)

Categorical/ Factorial

10 DicotMonocot Whether species is a dicot or monocot Categorical/Factorial

11 AngioGymno Whether species is an angiosperm or a gymnosperm Categorical/Factorial

Source information

12 Authors Surname (family name) of all author NA

13 Journal The document from which data were sourced. NA

14 YearPublication Year of publication NA

15 DOI Digital Object Identifier number NA

Traits 01 Biomass
Mean mass of an individual/whole-organism. (Plants) Plant mass is 
measured as aboveground dry mass. See “Further information” for additional 
information on belowground biomass.

Grams

02 Height

(Plants) Mean height of the whole organism/whole individual from surface 
(i.e. substrate) to tallest vertical extremity. (Animals) Mean ventro-dorsal 
length. (i.e. for terrestrial quadrupeds, vertical distance from the ground to 
the top of the shoulder. For marine bony fishes, from the top of the high point 
of the dorsal fin to the base of the ventral ridge or ventral fin, whichever is a 
longer distance perpendicular to the anterior-posterior axis.)

Centimetres

03 Growth 
Determination Whether a species exhibits growth determinacy or not. Categorical/Factorial

04 Regeneration
Capacity for an individual to regenerate any substantial part of its body, 
including autotomy. Autotomy is defined as “The voluntary severance by an 
animal of a part of its body (commonly one of its own limbs), usually to escape 
capture by a predator that has seized that part. The part then regrows.”

Categorical/Factorial

05 Sexual 
Dimorphism

An indicator of whether sexual dimorphism is exhibited in the species. Sexual 
dimorphism is defined as “the occurrence of morphological differences (other 
than primary sexual characters) that distinguish males from females of a 
species of organism.” (Oxford Dictionaries of Ecology and Zoology)

Categorical/Factorial

06 Mating System System of mating; the organisation of sexual interactions of individuals within 
populations based on sex. Categorical/Factorial

07 Hermaphrodism

Indicator of whether a species exhibits hermaphrodism or monoeicieosity. 
Hermaphrodism is defined as: “An individual that possesses both male 
and female sex organs; i.e. it is bisexual.” (Oxford Dictionary of Zoology). 
Monoeciousness is defined as: “Applied to an organism in which separate male 
and female organs occur on the same individual (e.g. to a plant which bears 
male and female reproductive structures in the same flower or separate male 
and female flowers on the same plant, or to a hermaphrodite animal). Some 
authors restrict the term botanically to plants with separate male and female 
flowers; plants which bear male and female reproductive organs in the same 
flower are then called hermaphrodite.”

Categorical/Factorial

08 Sequential 
Hermaphrodism Indicator of whether a species is protogynous or protandrous. Categorical/Factorial

09 Dispersal Capacity

An indicator for whether or not a species exhibits dispersal behaviour or 
at any stage in its life cycle. Where dispersing, a categorical description of 
whether dispersal is natal or breeding or otherwise. Dispersal is defined as 
“The tendency of an organism to move away, either from its birth site (natal 
dispersal) or breeding site (breeding dispersal): the opposite of philopatry.” 
(Oxford Dictionary of Zoology).

Categorical/Factorial

10 Type of Dispersal An indication of whether dispersal is a passive (requires assistance) or active 
(no assistance) event. See DispClasses for more information Categorical/Factorial

11 Mode of Dispersal An indicator of the mode of dispersal of the species (plant and animal specific 
terminology). (e.g., phoretic dispersal in Daphnia magna). Categorical/Factorial

12 Dispersal Classes Age- or stage-classes of the species that are capable of dispersal. Categorical/Factorial

13 Volancy An indicator of whether a species is volant or non-volant (i.e., able to fly or not). Categorical/Factorial

14 Aquatic Habitat 
Dependency

An indicator of whether a species is dependent on water or not. (e.g., limnic, 
lentic, lotic) Categorical/Factorial

Table 1.  Variable names and meaning contained in the MOSAIC Database, organised into seven general 
trait domains. A more detailed description can be found in the MOSAIC user guide found at: https://
mosaicdatabase.web.ox.ac.uk/.
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reviewed and those that are true gaps (e.g., volancy/flight capability of plants). Data were obtained through 
searching peer-reviewed records and PhD dissertations of ISI Web of Science, Scopus, and Google Scholar using 
key words pertinent to the species name and trait field in question (see Appendix S3 for a list of keywords que-
ried). The archives of data repositories, including the Figshare digital repository57 (https://figshare.com/arti-
cles/dataset/MOSAIC_trait_database/21035857; see Appendix S3 for a complete list of repositories reviewed 
– to be maintained hereafter on the MOSAIC portal) and journal archives that have a high occurrence of data 

Fig. 2  Trait fields in the MOSAIC database (v1.0.0). The MOSAIC database contains a combination of 
continuous and discrete trait fields. Six of the 14 trait fields are illustrated here for animals, and organised 
by trait level (all discrete fields) and taxonomic classification. Trait distributions vary strongly by trait and 
taxonomy. Observed variation in trait values by taxonomic group is a prerequisite condition to their potential 
value toward explaining reported variation in vital rates and resulting demographic properties across the Tree of 
Life. Species included in the MOSAIC database are limited to those for which stage-structured population data 
exist in the COMADRE, COMPADRE, and PADRINO databases.
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publishing, including Nature Scientific Data, Methods in Ecology and Evolution, and Journal of Ecology were care-
fully reviewed. MOSAIC also reflects a review of data from data aggregating servers, such as the open traits 
network (https://opentraits.org/), the ecological data wiki (https://ecologicaldata.org/), environmental data initi-
ative (https://environmentaldatainitiative.org/), and databases that aggregate other databases (e.g., BIEN7,45 and 
TRY23). The complete set of key words used in this review is detailed in a supplement to the User Guide (Appendix 
S3). A current list of databases reviewed in the development of MOSAIC is included in Appendix S4. Suggested 
data sources and key terms can be submitted through the MOSAIC data portal.

metaMOSAIC: licensed data, access limitations, and restricted redistribution of existing 
records and databases.  Not all datasets permit open use, dissemination, and redistribution of their trait 
data. Where limitations on the data collation and redistribution apply, there may be application procedures, reg-
istration, and other actions necessary for an individual to obtain access to specific trait records for analysis (e.g., 
TRY). MOSAIC centralizes the metadata for datasets that do not allow data to be redistributed to help navigate 
to relevant data resources outside the scope of open access. Records in limited access databases can be searched 
in MOSAIC by taxonomic group and by trait. MOSAIC links researchers to application materials for requesting 
access to those limited-access databases. The data access of licensed or non-open-access databases is stored in 
a data object called metaMOSAIC that is an extension of the MOSAIC database. Thus, the MOSAIC dataset 
provides data where it is accessible and metaMOSAIC guides researchers to where data exist with registration. 
When searching fields in the MOSAIC database, the metaMOSAIC adjunct dataset indicates if data are available 

Fig. 3  The spatial distribution of MOSAIC (v1.0.0) records relative to the (a) COMADRE and (b) COMPADRE 
databases. The COMADRE and COMPADRE dataset include animal and plant demographic data, respectively, 
on all continents except Antarctica, with a substantial bias to North America and Central Europe. MOSAIC 
introduces trait records that include models in all major geographies of COMADRE and COMPADRE. The 
map shows the density of matrix population models globally (color graded by density per area in ca. 150 km2 
hexagonal cells). Cells bordered by white represent localities of population models for which there are trait 
records included in the first release of the MOSAIC trait database. Species prioritised in v1.0.0 of MOSAIC did 
not include the PADRINO dataset, so no distribution figure is shown for integral projection models.
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in these ancillary sources (see User Guide in Appendix S2 for more information) and provide links to pertinent 
sources and data through the provider. metaMOSAIC is part of the main database object accessible through the 
MOSAIC portal.

Database updates.  The MOSAIC database will be updated as new data are added to the COMADRE, 
COMPADRE, and PADRINO databases. Updates of the MOSAIC database will account for newly discovered 
data sources and new literature that adds to or changes the species-level traits in the database, as well as correct 
errors from earlier versions. New MOSAIC versions will be released periodically with a notice published on the 
website, in the data object metadata, the mosaic GitHub page (https://github.com/mosaicdatabase), and through 
updates in associated packages in conformance with standard semantic versioning (a three-part version code 
reflecting major, minor, and patch updates, in respective positions). Updates will be published to the mosaic 

Fig. 4  Phylogenetic mapping of traits included in MOSAIC (v1.0.0). (a) Phylogenetic distribution of seven 
major traits for animals: (1) growth determination; (2) sexual dimorphism; (3) monogamy; (4) gonochory; 
(5) volancy; (6) dispersal; and (7) biomass. (b) Phylogenetic distribution of four traits in plants: (1) dispersal 
capability; (2) dispersal type; (3) dispersal mode; and (4) dispersal class. Figures developed in R using the ggtree 
package.
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portal (https://mosaicdatabase.web.ox.ac.uk), social media (Twitter: @mosaicdatabase), and GitHub (https://
github.com/mosaicdatabase). The MOSAIC portal includes a location for submission of recommendations for 
additions or suggested changes to the database.

Future targets of MOSAIC.  Versioning.  MOSAIC database updates and version history will be posted to 
the MOSAIC portal in the future.

Taxonomic scope.  Future versions of MOSAIC are scheduled for expansion to include 50 core traits across 
some 1,500 species (the current entirety of COMPADRE, COMADRE, and PADRINO; MOSAIC target traits; see 
User Guide [Appendix S2]). The MOSAIC core traits list will guide the future roll-out of attributes gathered and 
stewarded by the MOSAIC team, but additional trait suggestions can be submitted through the online portal.

Interspecific variation.  Future versions of the MOSAIC database will adopt a file structure that will 
accommodate multiple records per species. Once records for COMADRE, COMPADRE, and PADRINO are 
fully populated across the MOSAIC traits with mean, pooled, or other representative quantities (e.g., mean leaf 
size for all plants or adult bodymass of animals), secondary records will be added. Existing trait databases may 
contain multiple records per species (see, for example, structure of COMADRE47, COMPADRE46, BIEN7,45, 
TRY23), although some databases host a single record per species’ trait, such as age and growth rate for animals 
in AnAge14. To facilitate research into intra-specific trait variation58–60, MOSAIC provides provenance of records, 
whether records were subject to selection or merger (means or pooling), and fields that identify whether multiple 
records are known to exist. Where records for a given species were isolated from existing databases, mean values 
are often retrieved, and the database sourcing additional data is noted in the database under the attributed field 
(“Additional Trait Data Available” field).

citMOSAIC: Citizen science.  In addition to metaMosaic, which guides users to licenced data not 
reported in the MOSAIC database, MOSAIC plans to roll out a database of identical structure to MOSAIC 
that gathers information from citizen science datasets. Like MOSAIC, citMOSAIC will have three compo-
nents (citMOSAIC-A, citMOSAIC-B, citMOSAIC-C), reflecting the same relationship of databases and fields 
to MOSAIC. citMOSAIC will be kept independent of the main MOSAIC database to avoid conflation of peer 
reviewed literature and PhD dissertations from citizen science data. Where appropriate to use datasets together, 
the metadata, query functionality, and design of citMOSAIC will mirror that of MOSAIC to promote interopera-
tion of databases. citMOSAIC will be downloadable from the MOSAIC portal website.

Data Records
The current version of MOSAIC (v. 1.0.0) is deposited as series of flat data files (comma separated values and 

text files) in Figshare (https://figshare.com/articles/dataset/MOSAIC_trait_database/21035857). The data in this 
paper and complete database are also published on the MOSAIC website https://mosaicdatabase.web.ox.ac.uk 
and associated GitHub repository https://github.com/mosaicdatabase/mosaicdatabase. All data is open access 
without restrictions on access.

The MOSAIC database can be downloaded directly into R as a series of flat tabular data (comma separated 
values and text files) on Figshare (https://figshare.com/articles/dataset/MOSAIC_trait_database/21035857) and, 
optionally, as an S4 object (see Usage Notes—Accessing MOSAIC). Future versions of the MOSAIC datasets with 

Fig. 5  Trait covariance in the MOSAIC database (v1.0.0). Some traits exhibit high correlation in the MOSAIC 
database, such as between growth determination and between growth regeneration. Trait associations are 
expected to occur in the MOSAIC dataset and may reflect widespread constraints or statistical anomalies, 
particularly when dealing with small samples or specific taxonomic subgroups. Trait covariation can be 
symptomatic of biomechanical constraints (e.g., flight and biomass), major growth characteristics (e.g., modularity 
and growth determination), or other past or presently compelled associations (e.g., height and vessel density).
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any corrections and new data records will be updated to the GitHub page (github.com/mosaicdatabase/mosaic-
database) linked with the direct download in R and updated to Figshare. Data use and redistribution is covered 
by a Creative Commons CC-BY license, with unrestricted use and modification with attribution, consistent with 
MOSAIC’s constituent databases (Appendix S1).

Description of the individual trait fields are included in Table 1. Detailed discussion of each data field, units, 
precision, and cautionary notes included in the MOSAIC User Guide (Appendix S2). In its first version (v. 1.0.0), 
MOSAIC data has 41% density coverage across 14 core trait fields of approximately 300 species. MOSAIC pro-
vides 100% density of climate data for all species in COMADRE, COMPADRE, and PADRINO for which there 
are GPS locations (86% of all records across the databases). 71.9% of species in COMADRE, COMPADRE, and 
PADRINO had records in the Online Tree of Life phylogeny included in MOSAIC. Data completeness varies 
greatly amongst trait fields, as does the sourcing of data from primary and secondary datasets (Fig. 2).

Across formats, each tabular row or vector element represents a single species. Columns are representative 
of attributes or metadata associated with attributes. Unique identifiers associated with the matrix population 
models and integral population models in COM(P)ADRE and PADRINO databases, respectively, to link demo-
graphic models with trait records. In the current MOSAIC version (v. 1.0.0), only one record per species is 
released, but future versions will incorporate multiple records per species.

Technical Validation
The technical validity of records in the MOSAIC database is based on three levels of review. First, all records 
in MOSAIC, regardless of whether they are collected from primary or secondary data sources, are obtained 
from either peer reviewed journals or scholarly equivalent documents (e.g., PhD dissertation). Second, all data 
sources in MOSAIC were reviewed to ensure that they are reasonably representative of the trait record for the 
species (e.g., screened for sample size, geography relative to the pertinent population record(s), and methods 
suitable to the trait). Third, MOSAIC will be periodically reviewed, added to, and amended, additive to any revi-
sions that might come about through the feedback portal. As a result, MOSAIC will be adaptively managed to 
ensure that all records are of suitably high-quality and grounded in peer-reviewed data. MOSAIC also contains 
metadata for all records, ensuring provenance to original records and secondary standardisation.

Peer-reviewed data.  All data in MOSAIC are either published in a peer reviewed academic journal, PhD 
dissertation, or other peer reviewed source (e.g., Oxford Bibliographies). Unique identifiers for the publications 
that source the data is provided for every record. Prior to the review of the record by the MOSAIC team, all trait 
records were technically scrutinized and reviewed by more than one subject area expert. In addition to peer review 
of the publication record, many MOSAIC records are sourced from existing databases that impose technical stand-
ards beyond those imposed by the initial publication and have technically assessed the quality of underlying data.

Record review and selection.  The MOSAIC team evaluated whether records were consistent across the 
literature. Where multiple records were identified containing different numeric values for a continuous trait, the 
MOSAIC team selected a focal record based on: (1) sample size, (2) geographic extent, (3) geographic proximity 
to the site, and (4) method of measurement. If multiple records were identified for factorial traits that were in 
conflict with one another, then those records were excluded from the initial release of MOSAIC v.1.0.0. Only 
unanimously consistent factorial trait values were included in the first version of MOSAIC. At least two members 
of the MOSAIC team assessed records in every case to ensure that there was agreement in the sourcing of the data.

Quality checks.  The MOSAIC team reviewed the data for any outliers. In addition to reviewing for general 
anomalies from the data variance structure, as part of the data collection protocol, the MOSAIC team screened data 
for bounds applicable to each trait (see User Guide, Appendix S2). These value bounds ensured that all reported 
data were within the range of biologically realistic values as an additional safeguard against spurious values. Beyond 
confirming the general data structural integrity, the MOSAIC team compared the overlay of records in COMADRE, 
COMPADRE, and PADRINO with the source data for MOSAIC to ensure congruence of the data transferred from 
source databases. All automated data overlays were manually checked for their integrity against source data.

Ongoing development & growth.  The MOSAIC database will continue to grow and, in the future, will 
accommodate multiple trait records per species. This trait record redundancy will provide another level of protec-
tion against spurious records, in addition to providing quantification of trait variance. Future database develop-
ment plans include a schedule to incorporate GPS coordinates to formalize the distance between each trait record 
and the corresponding population records.

Metadata.  The MOSAIC database contains the source data for each trait record, including (1) Author(s), (2) 
Year of Publication, (3) Journal of Publication, (4) DOI/ISBN of the publication, and (5) Inclusion in other data-
bases. Future versions of the database may contain additional metadata for the trait data.

Usage Notes
Accessing MOSAIC.  A guide for downloading the MOSAIC database can be accessed in the Supplementary 
Material (Appendix S2). The MOSAIC database is open access and can be downloaded into R as a csv using the 
below line of code:

r e a d . c s v ( “ https://raw.githubusercontent.com/mosaicdatabase/mosaicdatabase/main/
MOSAIC_v1.0.0.csv”)

The MOSAIC database is a comma separated value (csv) format that is publicly archived under a CC-BY-
4.0 license accessible from Figshare (https://figshare.com/articles/dataset/MOSAIC_trait_database/21035857), 
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GitHub (https://github.com/mosaicdatabase/mosaicdatabase), and the MOSAIC portal (https://mosaicdata-
base.web.ox.ac.uk). Phylogenetic data is formatted for use and manipulation using the open-source R-package 
ape (Analyses of Phylogenetics and Evolution; Schliep & Paradis 2019) which can be installed by CRAN.

Mosaic User Guide, Vignette, and Data Collection Protocols are all included in the Supplemental materials 
(Appendix S2, S3, and S5). The User Guide specifies the classifications, precision, and data types for each trait 
field. The MOSAIC User Guide details the metadata on the structure of data for each trait (e.g., species, genus, 
mosaic index). An updated list of the databases that are directly or indirectly addressed by the MOSAIC data-
base is maintained on the MOSAIC portal.

Field values.  MOSAIC records contain one of three values: “NA,” “NDY,” or a trait value that can be numeric, 
factorial, or a character string, as discussed further in the User Guide. NAs apply to fields that have been reviewed 
and which do not apply to the species of interest. For example, plants do not have flight capacity, and thus NAs 
apply to them for this trait. Likewise, height and canopy size are key morphological dimension of plants that may 
not transfer meaningfully to most vertebrates, where adult biomass is a more relevant61,62 and oftentimes used 
trait. By contrast, NDYs represent “Not Digitized Yet”, indicating fields/species that have not been reviewed for 
potential records. All other values will reflect the units described in the User Guide.

Database navigation.  The User Guide contains detailed information on navigating the MOSAIC R data 
object. The primary MOSAIC object contains species-specific attribute values for 14 traits. Climate data and phy-
logeny are independent files accessible in the same locations described above (csv and phylo formatted, respec-
tive). Climate is an independent file because it is based solely on model-specific coordinates (and therefore has 
multiple values per species). Phylogeny is an independent file because it is a phylo object (a special kind of list 
object in R accessed through ape) and therefore is not in a format amenable to species-specific csv summary.

The primary MOSAIC file contains 14 fields and can be queried through S3 syntax. Rows represent spe-
cies and are included in the column titled: species_accepted. Columns represent attributes that are 
either the trait value or trait metadata. The base format for accessing data is: mosaic$trait.name. In the 
aforementioned syntax, the trait.name should reflect one trait (e.g., volancy). Metadata can be accessed with 
the syntax: mosaic$trait.name_metadata, where metadata is replaced by the name of the metadata 
field (e.g., journal, doi, author). Species names are specified in conformance with the Catalogue of Life (www.
catalogueoflife.org), also consistent with the COMPADRE, COMADRE, and PADRINO databases. The User 
Guide provides specific guidelines for querying fields within the data object in R and for negotiating the dataset 
in finer detail (Appendix S2).

Error reporting.  Users can submit errors for correction by email to: mosaicdatabase@biology.ox.ac.uk. The 
MOSAIC portal also has an Error Report page for reporting potentially erroneous records, or to query additional 
questions (https://mosaicdatabase.web.ox.ac.uk/suggested-additions-error-reporting; but see also FAQ: https://
mosaicdatabase.web.ox.ac.uk/frequently-asked-questions). Potential errors can be reported anonymously or with 
contact information (e.g., name, email). Decisions on reported errors will be disclosed on the Error Report page 
(https://mosaicdatabase.web.ox.ac.uk/suggested-additions-error-reporting) and to the reporting party if contact 
information is included in the request.

Recommended records.  Users can submit records by email to: mosaicdatabase@biology.ox.ac.
uk. The MOSAIC portal also has a Recommended Records page (https://mosaicdatabase.web.ox.ac.uk/
suggestion-additions) for reporting suggested records that are not included in the MOSAIC database. 
Recommendations can be made with or without contact information. Contact information will be used exclu-
sively for clarifying questions and updating the commenter when records are included. MOSAIC will report deci-
sions on the Recommendations Incorporated page (https://mosaicdatabase.web.ox.ac.uk/suggestion-additions). 
Users may also request new data fields to be prioritized in future rollouts. Given the realities of limiting resources, 
The MOSAIC team will do their best to include the requested records in future versions.

Cautionary notes.  Records in the MOSAIC database are gathered and standardized under the protocols 
detailed in the User Guide (Appendix S2; also available through the MOSAIC portal). Users should be attentive 
to the precision, levels, and context of data in MOSAIC when used for analysis. For those records in the dataset 
that come from multiple individuals, we present them as statistical components (e.g., minimum, maximum, or 
mean trait values). Functional traits in MOSAIC may be estimated from populations studied in COMADRE, 
COMPADRE, PADRINO, or other databases (Table S4). The potential temporal and spatial mismatch between 
databases that are linked in an analysis merits close attention63. The studies in the MOSAIC database also include 
research conducted by different investigators using independent tools, technologies, sample designs, and study 
methods. The influence of research methods and instruments on the error values in the dataset may require addi-
tional consideration for potential bias, noise, and imprecision. Where more than one life history trait value exists 
for a given species, MOSAIC users will need to determine whether averaging or selective filtering to one study is 
most appropriate in view of the specifics of the given research question. In certain cases, trait values for a species 
might only be available for a single st/age and therefore may not provide a complete picture of the trait variation 
amongst st/ages. Users are encouraged to be cautious when contextualising the scope of representation of the 
values in the database and their analyses.

Representation, variance, and Bias in MOSAIC v1.0.0.  MOSAIC has the potential to help identify 
macroecological patterns and guide targeted experimental studies that can mechanistically examine the causes 
and correlates of demographic variability. MOSAIC leverages thousands of animal and plant species housed in 
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COMPADRE, COMADRE, and PADRINO and offers promise for evaluating general hypotheses and identifying 
novel ones from newly discovered patterns. Despite the inductive value and generality of macroecological infer-
ence64–66, caution is required in inferring process and cause from trait-demographic patterns using MOSAIC. 
MOSAIC is a starting point and contextualising instrument, not a stand-alone tool for inferring how traits deter-
mine demography and/or how demographic processes may shape traits. In its version 1.0.0, MOSAIC contains a 
high degree of variance in trait values known to shape demographic outcomes across major taxonomic groups. 
For example, determinant growth is present for 0% of Amphibians and Birds and 100% of Bivalves, while vola-
ncy is present for 0% in Reptiles, Amphibians, and Bony Fish and 77% in Birds (Fig. 2). Animal adult biomass 
and plant height follow lognormal trait distributions (see Appendix S5). 11% of mammals are indeterminate 
growers vs. 54% of reptiles and 0% birds, and 95% of mammals are monogamous compared to 100% of reptiles 
and 20% of birds in MOSAIC. Recent studies have examined how different vital rates are explained by functional 
traits67–70. However, understanding how trait variation across taxa translates to demographically influential prop-
erties remains underdeveloped.

MOSAIC’s initial release (v1.0.0) includes records for all major regions of the globe for which we have struc-
tured population models (Fig. 3). Nevertheless, species trait values are not necessarily gathered from the same 
localities as population models (see future directions for more information on systematising spatial mismatch). 
This is an important consideration for users of MOSAIC (and more generally of trait-based approaches) wishing 
to bring together functional traits and demographic rates, as traits and vital rates are known to vary consid-
erably within the same species across spatial scales71–73. Moreover, while there is at least one trait for each of 
these locations, the data density remains variable. Thus, records are not necessarily representative of the global 
spread or the full spatial scope of MOSAIC. For example, the highest complete coverage for MOSAIC traits is 
concentrated toward localities with the with the longest-term demographic models (see COMPADRE locations 
associated with MOSAIC records).

Phylogenetically, the initial release of MOSAIC is somewhat limited. Version 1.0.0 covers 300 of the 1,400 
species currently available in COMPADRE, COMADRE and PADRINO. However, MOSAIC trait data are well 
distributed across clades (Fig. 4). While there is not a highly skewed phylogenetic concentration with respect 
to the existing structured population models or clustering of records into small groups across the Tree of Life, 
phylogenetic density of MOSAIC records remains low. Therefore, information from the MOSAIC database 
may be limited for a given genus or order and, as such, should be approached with caution. In future ver-
sions of MOSAIC, the phylogenetic bias is expected to diminish with more samples and stronger phylogenetic 
representation.

Covariance across traits is also an important source of confound in existing analyses linking traits and vital 
rates. Positive and negative correlations across traits that have independent influences on vital rates can create 
apparent associations of demographic properties with traits, spuriously functionalising non-functional traits74. 
Disentangling the relevance of key axes of trait variation for their demographic influences demands a clear quan-
tification of the direction and strength networks of trait associations, trade-offs, and demographic consequences. 
Population biologists seek to understand not only how individual traits relate to different aspects of demo-
graphic performance (e.g., population growth rate, risk of quasi-extinction, etc.), but also understanding how 
trait syndromes shape those demographic outcomes. MOSAIC presents a highly varied covariance structure in 
trait values for the examined 300 species. For example, without a priori expectation, indeterminate growth and 
regeneration traits show strong correlation (r = 0.51; Fig. 5), which could influence each other’s effects on vital 
rates. The same could be argued for the correlation between volancy and reproductive strategy (r = 0.28 with 
monogamy; Fig. 5).

The MOSAIC database can be used as a platform to showcase the lack of overlap between trait and vital 
rate data for the same species. This picture calls for a more systematic way address global biases in ecological 
data quantification/collection. Even where we have complete information about species in the COMADRE, 
COMPADRE, and PADRINO databases, we are subject to the constraints and biases of those datasets, such 
as spatial bias toward high-GDP countries and the phylogenetic bias toward temperate regional perennial 
plants75,76. The compounding of error and density across datasets highlights the need to prioritize stronger rep-
resentation of functional traits linked with demography. The standardized framework of MOSAIC is an ideal 
platform to work from to achieve this goal.

In view of potential biases introduced by low sampling density and the patchiness of cover in traits, users of 
the database are advised to consult the literature about the representativeness and congruency between MOSAIC 
data and related trait diversity within clades. Users need to be mindful of the scope of the questions that they are 
setting out to answer and to be aware of the influence of sample sizes and coherency or heterogeneity of traits 
across different taxonomic levels.

Extensions and relevance.  From databases to data networks.  Broad aperture digitisation efforts (e.g., 
BIEN7,45 and TRY23) have helped resolve many answers to demographic questions. Examples include whether 
there are trait spectra and key trade-off patterns amongst functional traits and whether these are correlated 
with particular environments and life history strategies77–79, Trait-based ecology and Trait Driver Theory80 are 
indebted to such opportunity-driven research programmes. More generally, however, the trait-based ecology 
paradigm has failed to support clear answers to many research questions of central interest to demographers29,81. 
This limited reach of the functional trait programme coincides with a dearth of species-specific overlap across the 
range of functional traits that are collected by the functional trait databases.

The proliferation of databases and open data initiatives over the last two decades82 evidences an interest 
in improving both data access and data usability18,83,84. While existing databases standardize trait fields, col-
late records, and link associated metadata, existing databases often store data for simple, quantitative traits. 
Relatively few ecological trait databases store diverse data types (such as rate arrays, population time series, 
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physiological rates at different structural levels, and habitat shape files) that may be associated with multidimen-
sional, ecological study systems (but see CESTES17, GFBio85, DarwinCore86).

The digitisation and standardisation of existing data and their integration with complementary, new data 
presents a growing set of challenges and opportunities in ecology87. Efforts to gap-fill records can leverage the 
value of existing datasets while expediting the schedule for specific research outcomes. As trait datasets grow, 
the importance of targeted, gap-filling initiatives to address bias and to capitalize on existing data will also 
increase88. The value of existing records is further enhanced through improvements in the interoperability of 
datasets. Much of this work is done manually, at a high cost, and with little support from funding agencies87, 
and yet it has been effective at facilitating research and creating new value for old data. In recent years, initia-
tives have sought to improve the interoperability of datasets by guiding prospective data structure or retroac-
tively harmonising existing datasets. These include programmes that develop universal standards to improve 
global interoperability (such as DarwinCore86 and Frictionless [https://frictionlessdata.io/]data standards) or 
that contain guidelines for data metastructure (such as the FAIR principles (findability, accessibility, interoper-
ability, and reusability, sensu Wilkinson et al., 2016) and the OpenTraits framework18). These initiatives address 
emerging and scaling challenges of ecoinformatics, such as the protocols by which we share data, search data, 
and preserve provenance in data storage structures. These protocols will be essential in centralising datasets as 
diverse as government monitoring datasets (e.g., those stored in U.S. Data clearing houses [https://www.data.
gov; https://www.dataone.org/]; National Biodiversity Atlas [https://nbnatlas.org/]); centralized monitoring and 
experimental networks (e.g., LTER and NEON), raw or reanalyzed remote sensing datasets (e.g., Landsat data, 
NASA EarthData datasets, ERA-5 data), and private datasets (https://www.natureserve.org/) that will demand 
versatile and navigationally efficient data structures.

Population ecology has benefitted from widespread open-access databases but requires further dataset inte-
gration to answer its central questions. Understanding whether and how some morphological or physiological 
traits predict demographic outcomes and why others fail to do so is of central interest to questions in physiolog-
ical, population, and community ecology29,69,89,90. Population ecologists routinely use data that are distributed 
across a wide range of databases. Comparative and macroecological researchers use phylogenies91–93, adult body-
mass61,94–96, and high-resolution, global climate information97–99 to answer relevant biological, evolutionary and 
ecological questions and to contextualize their findings. Population ecologists frequently examine a subset of 
physiological, morphological, and behavioural attributes associated with demographic outcomes (i.e., functional 
traits100). The trait-based research programme seeks to, among other aims6, identify the intrinsic and extrinsic 
regulators of vital rates and the causes of variation and constraints on possible trait values65,66. Not all traits 
predict demographic outcomes and functional traits may exercize influence on only a few demographic path-
ways68,101. The answers to these questions rely on the existence of vital rate and trait data, the overlap of which 
has been limited in the absence of targeted attention. For instance, of the hundreds of thousands of records 
available across thousands of plant species in TRY23 and over 345 plant species in COMPADRE46, Adler et al. 
(2014) report functional trait-vital rate relationships for only 222 plant species due to their limited data overlap.

Ecological data are complex and their structures will need consistent rules to link datasets together. It will be 
important for future datasets to adopt database designs that render large, thematically, and structurally diverse 
data to be readily locatable and usable without expert knowledge. Here, we show one such example in the scope 
of comparative research, using thematic groups and a strategy of achieving adequate record breadth before revis-
iting depth of records for specific species. The need for open access data, integrated workflows, and interoperable 
data systems is increasing with the scaling of data collection through use of robotics and technologies. The gaps 
in existing data systems, interoperability, and data acquisition can be filled strategically for specific applications, 
offering targeted and efficient dataset development. With data interoperability guiding the structure of new 
datasets, the modular development of area-specific datasets will enable more generalized use over time and help 
meet the aims of existing database initiatives.

Code availability
Convenience functions for navigating the MOSAIC database are included in the supplemental material (S5) and 
on the MOSAIC website https://mosaicdatabase.web.ox.ac.uk and associated GitHub repository https://github.
com/mosaicdatabase/Rmosaic. All code is open access without restrictions on access.
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Abstract
1.	 Stage-based demographic methods, such as matrix population models (MPMs), 

are powerful tools used to address a broad range of fundamental questions in 
ecology, evolutionary biology and conservation science. Accordingly, MPMs 
now exist for over 3000 species worldwide. These data are being digitised as 
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1  |  INTRODUC TION

Population ecology has come of age. The development of theories, 
experimental approaches and statistical methodologies have resulted 
in the publication of demographic information for an increasingly 
representative sample of the world's biodiversity (De Magalhᾶes 
& Costa,  2009; Levin et al.,  2022; Salguero-Gómez et al.,  2015, 
2016). These data span the taxonomic tree from microbes (Jouvet 
et al., 2018) to macro-vertebrates (Fujiwara & Caswell, 2001), and 
cover virtually all continents and biomes—though with important 
taxonomic biases (Conde et al., 2019; Römer et al., 2021). The poten-
tial of this impressive and rapidly increasing amount of information 
is starting to be realised. Indeed, through combining these demo-
graphic models, researchers have identified functional traits that 
explain variation in plant life history strategies (Adler et al., 2014; 
also see Bernard et al., 2023), short-term (transient) characteristics 

that drive the demographic dynamics of plant populations in variable 
environments (McDonald et al.,  2016), and ways in which life his-
tory strategies allow species to persist alongside a changing climate 
(Jelbert et al., 2019; Paniw et al., 2019).

One of the most widely used tools for describing and analysing 
species' complex life histories is the matrix population model (MPM, 
hereafter). Briefly, in an MPM, individuals of a population are clas-
sified by discrete stages and/or ages (st/age hereafter) according to 
some biological (Caswell, 2001, p. 31) or statistical/sampling criteria 
(Salguero-Gómez & Plotkin, 2010). These individuals are followed in 
discrete time steps, typically adjusted by the generation time of the 
species. Indeed, time steps can vary from 12 to 24 h as in nematode 
worms Caenorhabditis elegans and aphids Myzus periscae (Bruijning 
et al., 2019; Li et al., 2014), to monthly/annual periods in mammals 
and plants (Coulson et al., 2001; Ferreira et al., 2016), all the way to 
50 years in slow-growing red woods (Namkoong & Roberds,  1974). 
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an ongoing process and periodically released into two large open-access on-
line repositories: the COMPADRE Plant Matrix Database and the COMADRE 
Animal Matrix Database. During the last decade, data archiving and curation of 
COMPADRE and COMADRE, and subsequent comparative research, have re-
vealed pronounced variation in how MPMs are parameterized and reported.

2.	 Here, we summarise current issues related to the parameterisation and report-
ing of MPMs that arise most frequently and outline how they affect MPM con-
struction, analysis, and interpretation. To quantify variation in how MPMs are 
reported, we present results from a survey identifying key aspects of MPMs 
that are frequently unreported in manuscripts. We then screen COMPADRE and 
COMADRE to quantify how often key pieces of information are omitted from 
manuscripts using MPMs.

3.	 Over 80% of surveyed researchers (n = 60) state a clear benefit to adopting more 
standardised methodologies for reporting MPMs. Furthermore, over 85% of the 
300 MPMs assessed from COMPADRE and COMADRE omitted one or more ele-
ments that are key to their accurate interpretation. Based on these insights, we 
identify fundamental issues that can arise from MPM construction and commu-
nication and provide suggestions to improve clarity, reproducibility and future 
research utilising MPMs and their required metadata. To fortify reproducibility 
and empower researchers to take full advantage of their demographic data, we 
introduce a standardised protocol to present MPMs in publications. This stand-
ard is linked to www.compa​dre-db.org, so that authors wishing to archive their 
MPMs can do so prior to submission of publications, following examples from 
other open-access repositories such as DRYAD, Figshare and Zenodo.

4.	 Combining and standardising MPMs parameterized from populations around the 
globe and across the tree of life opens up powerful research opportunities in evo-
lutionary biology, ecology and conservation research. However, this potential can 
only be fully realised by adopting standardised methods to ensure reproducibility.

K E Y W O R D S
comparative demography, matrix population models, open access, reproducibility
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From these data, researchers estimate losses through mortality, tran-
sition probabilities among st/ages and their per-capita a/sexual contri-
butions via reproduction (Nordstrom et al., 2021; Omeyer et al., 2021).

A single MPM can be used to calculate a vast repertoire of bio-
logically meaningful outputs. These outputs include proxies for the 
performance and viability of populations, such as deterministic (�) 
or stochastic population growth rates (�s) (Doak et al., 2005), quasi-
extinction risk (Davis, 2022), population response to perturbations of 
underlying vital rates such as survival or reproduction (Caswell, 2001, 
p. 206), transient dynamics (Capdevila et al., 2020; Ezard et al., 2010; 
Stott et al.,  2011) and life history traits, such as rates of senes-
cence (Baudisch et al., 2013), degree of iteroparity (Salguero-Gómez 
et al., 2017) and age at maturity (Caswell, 2001, p. 124). This wealth 
of demographic inference highlights why many advances in demogra-
phy and life history theory utilise MPMs (Franco & Silvertown, 1996; 
Pfister, 1998; Sæther et al., 2013; Tuljapurkar, 1989).

MPMs for plants and animals have been archived, error-checked, 
complemented with additional information (e.g. GPS coordi-
nates, IUCN conservation status), and released open-access in the 
COMPADRE Plant Matrix Database (Salguero-Gómez et al., 2015) and 
the COMADRE Animal Matrix Database (Salguero-Gómez et al., 2016). 
In the latest data release, COMPADRE v. 6.22.5 [COMADRE v. 4.21.8] 
contains 8851 [3317] MPMs from 760 [415] unique species published 
in 643 [395] studies. At the time of writing, a further 1307 species 
are pending digitization in the COMPADRE network, at a rate of 4.5 
new works containing MPMs being screened, digitised, and quality 
checked every week (S. Gascoigne, pers. obs.). However, one of the 
challenges of the digitization process is the tremendous variation in 
how data are collected, presented and used to parameterize MPMs.

Data standardisation improves reproducibility and promotes 
data sharing across research disciplines (Reichman et al., 2011). Data 
standardisation, and the associated detailed metadata, is there-
fore key for research to be replicated, validated, openly discussed 
and ultimately for science to advance (Powers & Hampton,  2019; 
Reichman et al.,  2011; Salguero-Gómez et al.,  2021). Examples of 
these standards include reporting sample size and variance of esti-
mates and detailing the full list of original sources of data (Gerstner 
et al., 2017). In this context, standards can be used as checklist items 
to improve publications quality and reproducibility and to aid the 
peer-review process (Reichman et al.,  2011). Furthermore, meta-
analyses (Gurevitch et al., 2018) and phylogenetic comparative anal-
yses (Healy et al., 2019; Salguero-Gómez et al., 2017), which offer 
valuable opportunities to examine general patterns and identify 
gaps in knowledge, rely on data conforming to certain standards.

MPMs are being adapted, extended and applied beyond their 
original, species-specific context in comparative demography. 
However, not all MPMs are built and reported equally. The current 
presentation of MPMs in COMPADRE and COMADRE may give 
the false impression that all MPMs are published in a homogeneous 
format, despite differences in how and why the MPMs are pro-
duced (Caswell, 2001). This impression may have emerged from the 
amount of verification the COMADRE and COMPADRE digitisation 
team does behind the scenes (e.g. validating model outputs, author 

correspondence for additional information). While verification is an 
inevitable aspect of database curation, most of our efforts are spent 
communicating with authors rather than digitising data. Our goal 
here is to (i) present the current standard of MPM communication 
in the literature, (ii) identify common issues in MPM communication 
and their impacts, (iii) suggest ways to support the clear communica-
tion of MPM data and metadata, (iv) highlight advantages for authors 
and the scientific community at large and (v) introduce a standard 
method for sharing MPM data and metadata.

2  |  MPM COMMUNIC ATION: CURRENT 
STATE OF AFFAIRS

To present the current practices in MPM data and metadata com-
munication, with the ultimate goal to evaluate the need for stand-
ardised data and metadata reporting, we performed a survey of 
researchers and screened a subset of papers that have been used to 
generate MPMs stored in COMPADRE and COMADRE.

2.1  |  A survey on matrix communication

We surveyed expert population ecologists, who we identified as having 
published peer-reviewed papers that include MPMs, regarding our cur-
rent ability to communicate MPM data and metadata for reproducibility 
purposes. Specifically, we asked how well peer-reviewed publications 
relay the attributes of MPMs necessary for reproducibility. Additionally, 
we asked if researchers thought a standardised method of matrix com-
munication is ‘necessary for the coherent communication of MPMs in 
the literature’ (the full list of 11 questions can be found in Supporting 
Information). The survey was distributed using Google Forms. We 
identified 1390 potential participants based on the criterion of being 
the lead and/or corresponding author from a publication containing 
at least one MPM. Over 50% of corresponding email addresses were 
outdated and not contacted further. Of the remaining approximately 
650 researchers, that were contacted, 60 participants completed the 
survey. As expected, researchers report a great deal of heterogeneity 
in components of MPM communication (Figure 1). The best communi-
cated attributes according to these survey participants are trait names 
(i.e. the phenotype by which the MPM was structured—stage/age/size 
classes), census duration and projection interval while the worst com-
municated attributes are life cycle graphs, formulae defining the vital 
rates and population vectors (i.e. number/frequency of individuals in 
each st/age). Importantly, 83% of survey participants agreed that the 
discipline needs a standardised method for MPM communication.

2.2  |  A screen of papers in COMPADRE  
and COMADRE

To quantify how well MPM data and metadata are communi-
cated in peer-reviewed publications, we screened 300 randomly 
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sampled papers containing MPMs already digitised in COMPADRE 
and COMADRE (150 papers each). Across the different key attrib-
utes of MPMs that we examined, there was considerable variation in 
how reliably authors provided the data and metadata necessary for 
digitising, archiving, and performing comparative analysis (Figure 2). 
For instance, the generic location of the examined population (i.e. 
province/city/landmark; COMPADRE: 95.1%, COMADRE: 86.2% of 
papers reported it), the fully parameterized MPM (93.3%, 88.9%), 
and the census date (89.6%, 77.7%) were frequently explicitly stated 
in the papers, while latitude-longitude of the examined population 
(52.4%, 39.9%), its life-cycle diagram (44.5%, 40.1%), and population 
vector (i.e. st/age distribution of individuals at time t) (33.2%, 32.6%) 
were not. Interestingly, plant studies using MPMs (COMPADRE) 
contain overall more explicit data and metadata than animal stud-
ies (COMADRE; Figure 2). Furthermore, we used this information to 
categorise the quality of each of the examined 300 papers according 
to their reproducibility—defined as their inclusion of components of 
MPM communication (Figure 3). The distribution of component com-
munication across kingdoms is similar. Crucially, only 13.9% of papers 
in COMADRE and 15.8% of papers in COMPADRE contain all the 
information necessary for comparative analyses and accurate projec-
tions (Figure 3). Thus, approximately 85% of papers require emailing 
authors to request undisclosed information.

3  |  COMMON ISSUES IN MATRIX 
CONSTRUC TION

Here, we identify key issues in the parameterization of MPMs to il-
lustrate the impact of methodology on demographic inference. To 
do so, we draw from the findings from the previous section and 
our experience curating COMPADRE and COMADRE. We outline 
the following issues for two reasons: (i) to advise demographers in 
how to identify them in the literature and (ii) to prevent these is-
sues persisting in future publications. We note that a comprehen-
sive list was recently made available by Kendall et al. (2019, see also 
Che-Castaldo et al., 2020). Here, we add to these previous papers 
by outlining steps for researchers to avoid/mitigate these issues in 
their own research. A summary of these issues, from occurrence to 
impact, is detailed in Figure S1.

3.1  |  Census type, timing and frequency

MPMs are discrete-time demographic models parameterized by the 
tracking of individuals across censuses. Thus, the type (e.g. longitu-
dinal, cross-sectional), timing and frequency of sampling needs to be 
carefully planned. These criteria are particularly important as census 

F I G U R E  1  Survey results from experts in population ecology that participated (n = 60). Participants ranked their confidence in the 
appropriate communication of components of matrix population models (MPMs) in peer-reviewed papers. Each component of MPM 
communication on the y-axis represents a statement shown in the survey (see SOM for the full survey). For all statements above the 
dashed line, participants were asked if that attribute (e.g. projection interval) is sufficiently well-reported in peer-reviewed publications. 
The statement ‘standardised method’ indicates participants' response to whether the field of population ecology would benefit from a 
standardised method of MPM reporting. The size of the dots indicates the number of respondents with that response and are coloured (i.e. 
orange = disagreement; grey = neutral; blue = agreement). For ease, percent agreement (i.e. the percentage of participants that either agreed 
or strongly agreed with the statement) is shown on the right-hand side of the plot.
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type directly affects matrix construction, and census timing and fre-
quency can inadvertently influence demographic outputs (Emery & 
Gross, 2005).

Typically, an MPM comes in two forms regarding the spread 
of reproduction between censuses: birth-flow or birth-pulse 
(see Caswell,  2001, p. 22). The distinction is based on whether 
reproduction occurs continuously (i.e. birth-flow) or in a narrow 
temporal window (i.e. birth-pulse). Birth-pulse MPMs are further 
categorised into pre- versus post-reproductive census. Although 
both pre- and post-reproductive censuses often lead to similar 
demographic inference (see Cooch et al., 2003), their difference 
lies in when populations are censused relative to the position of 
the narrow reproductive window. In the former, populations are 
censused immediately before a reproductive window, while post-
reproductive censuses follow on from a reproductive window. A 
pre-reproductive census requires the inclusion of offspring sur-
vival in reproductive matrix elements, while a post-reproductive 
census requires the inclusion of parent survival in reproductive 

matrix elements. We often encounter mistakes in the accommoda-
tion of offspring or parent survival in reproductive matrix elements 
(see also Kendall et al., 2019). A key step in matrix construction 
that can prevent the incorrect accommodation of survival is draw-
ing the life cycle graph (as per Ebert,  1999, p. 61) with respect 
to census timing (demonstrated in Ellner et al.,  2016, p. 13), as 
well as explicitly detailing the census type used to parameterize 
the MPM. However, sometimes drawing the life cycle graph may 
be unfeasible or uninformative. For example, the graph for an age 
classified model with 100 age classes is too large to draw and too 
redundant to be useful; but, they can be simplified with a dashed 
line if multiple adjacent classes have the same demographic rates 
(e.g. Ebert, 1999, p. 2). Models with many stages and highly con-
nected transitions are not feasible to draw the life cycle graph (e.g. 
the graph for Calathea ovandensis in Neubert and Caswell (2000)). 
But even in complex situations (e.g. the series of seasonal graphs 
for the emperor penguin in Jenouvrier et al. (2010)) the graph may 
be helpful in organising the structure of the model.

F I G U R E  2  Both plant and animal MPM papers show similar patterns as to which presented components of MPM are communicated. 
The y-axis indicates the percentage of peer-reviewed publications in COMPADRE and COMADRE that contain a given attribute necessary 
for the clear communication of MPM information and its reproducibility from a random subset of 150 papers of the 643 total papers from 
COMPADRE and 150 out of the 395 total papers from COMADRE (300 papers total). The attributes are: Location: province/city/landmark; 
MPM: was the MPM included in the manuscript; Census duration: start and end dates for data collection; Vital rate formulas: decomposition 
of matrix elements into their underlying components (i.e. contributions from survival, growth, and reproduction); Projection interval: the 
time period between observations; Latitude-longitude: spatial coordinates; Life cycle graph: the visual representation of demographic 
transitions and a/sexual per-capita contributions; Population vector: st/age distribution of individuals at time t associated with reported 
MPMs.

 2041210x, 2023, 8, D
ow

nloaded from
 https://besjournals.onlinelibrary.w

iley.com
/doi/10.1111/2041-210X

.14164 by T
est, W

iley O
nline L

ibrary on [25/09/2023]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

C. Other works 225



2070  |   Methods in Ecology and Evolu
on GASCOIGNE et al.

Census timing and frequency affects model construction, mak-
ing a constructed MPM impractical for demographic inference if the 
life history of the examined organism is not considered. Consider a 
researcher comparing the demographic processes of fruit flies and 
fruit trees. The researcher first notices that there are four discrete 
stages to the fruit flies' life history: three juvenile stages encompass-
ing the development from egg to instar to pupae, and one adult stage 
where individuals disperse and reproduce. Since development from 
egg to adult takes ~10 days in this species, the researcher decides to 
perform the census every 10 days for both the fruit fly and the fruit 
trees over a 3-month period. However, because neither mortality 
nor reproduction occur across such a short census in the fruit tree 
population, the resulting fruit tree MPM, when projected forward, 
will persist forever, neither increasing nor declining. This same issue 
would occur the other way around. If 5-year intervals were deemed 
sufficient for the fruit trees, then individually measured fruit flies 
would never survive across time steps. A solution to this problem ex-
ists, using periodic matrix models to include periods much shorter or 
longer than other periods. For example, Hunter and Caswell (2005) 
analysed the Sooty Shearwater Puffinus griseus including two har-
vesting periods of several weeks in duration and then an annual in-
terval for the species, with a lifespan of decades. Smith et al. (2005) 
and Shyu et al. (2013) used periodic seasonal models to accommo-
date life cycles in which some stages are only present for part of the 
annual cycle. The approach (Caswell, 2001, section 13.1) is powerful 
and general.

3.2  |  Unrealistic stage-specific survival

Issues in parameterising stage-specific survival, whilst easy to diag-
nose, can result in an array of unnatural life histories. Transition and 

survival probabilities are bounded between 0 (i.e. the event never 
happens) and 1 (i.e. always occurs). As such, the stage-specific sur-
vival of an MPM, the summed nonreproductive elements in a given 
column of the MPM A must not exceed 1. When it does, individu-
als in that stage have an unrealistic chance of surviving >100%, re-
sulting in an incorrect representation of the organism's life history. 
Stage-specific survival values >1 typically arise due to rounding 
errors, typos, inclusion of unstated a/sexual reproductive events. 
As such, it is generally advised to omit these MPMs in comparative 
analysis (Jones et al., 2014). Unstated a/sexual reproductive events 
occur when a given element ai,j in the MPM A contains both survival-
dependent processes, such as growth/shrinkage, but also fertility, 
and these have not been reported separately. Ideally, authors would 
carefully identify whether various vital rates are being confounded 
with survival-dependent demographic processes in each MPM el-
ement. For the comparative demographer using COMPADRE and 
COMADRE, we recommend either avoiding MPM models where 
stage-specific survival >1 or altering the model so that the stage-
specific survival is fixed to a maximum of 1 (e.g. Buckley et al., 2010).

In many published MPMs, some life stages have an estimated 
survival probability of 1 or an incomplete life cycle, likely the re-
sult of small sample size or rare event along the life history of the 
species. Perfect survival (i.e. mortality = 0) is unlikely to be accurate, 
and may need to be estimated or imputed (Johnson et al., 2018). A 
reproducible approach to infer realistic survival and transition values 
was recently proposed by Tremblay et al.  (2021), using a Bayesian 
approach to estimate parameter values using priors in addition to 
the observed data to obtain posterior MPMs. An advantage of this 
approach is that the confidence intervals of the parameters that 
represent probabilities (i.e. stasis, transition, survival) are obtained 
from a beta distribution. This advantage of using a Bayesian inferred 
multinomial Dirichlet distribution for estimating the mean values is 

F I G U R E  3  Across plant and animal MPM papers, most publications do not contain sufficient information for reproducibility. Proportion 
of papers in COMPADRE and COMADRE grouped by their open-access information in peer-review publications regarding matrix population 
model (MPM) data and metadata. Following the same scheme as in Figure 2, papers were ranked into six groups from ‘inadequate’ to 
‘MPM + VR + POP+ECO’ (i.e. fully reproducible). ‘Inadequate’ refers to papers missing the MPM and/or projection interval (i.e. an MPM 
specific time interval necessary for projection), without which most demographic outputs cannot be calculated. ‘MPM’: paper contains the 
MPM and projection interval but no vital rate formulas describing the matrix elements. ‘MPM + VR’: contains all of the information for ‘MPM’ 
along with vital rate formulas for the matrix elements. ‘MPM + VR + POP’: contains all of the information for ‘MPM + VR’ along with the 
population vector. ‘MPM + VR + ECO’: contains all of the information for ‘MPM + VR’ along with latitude-longitude coordinates and census 
duration of the examined population. ‘MPM + VR + POP + ECO’: contains all of the information for ‘MPM + VR’ along with population vector/
distribution, latitude-longitude coordinates and census duration.
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that the researchers can infer variance and skew of the posterior 
distributions to further inform MPM construction and demographic 
inference (e.g. Tremblay et al., 2009a, 2009b). And finally, since sam-
ple size can be a key driver of unrealistic stage-specific survival, sam-
ple size and uncertainty (e.g. confidence interval, standard deviation) 
must be reported to (1) relay the precision of the estimated survival 
value to your audience and (2) for accurate inclusion of survival val-
ues in meta-analyses and comparative methods.

3.3  |  Incorrectly parameterizing fertility

Fertility often presents a challenge to constructing accurate MPMs. 
This challenge is partly due to the ambiguity of the term ‘fertility’. The 
issue arises when the per-capita contributions of reproductive adults 
to new recruits (e.g. eggs, neonates, seeds, etc.) do not represent the 
links over the full projection interval of the study. Remember that 
the entry ai,j in an MPM is the (expected) number of stage i  individu-
als at t + 1 per stage j individual at time t. If stage i  is some kind of 
‘newborn’ individual, then ai,j must include all the processes between 
time t and time t + 1 (Caswell, 2001, p. 61). Reproductive output, in 
turn, is a composite demographic process of the number of offspring 
produced in a reproductive event and the relevant survival that will 
penalise how many new offspring will actually make it to the next ob-
servation. Failure to accommodate this vital rate decomposition can 
result in the introduction of a one-timestep lag into the organism's 
life cycle, as newly created offspring spend a projection interval ‘in 
limbo’ before their onward transitions. The best-known example 
is in the classic model of teasel Dipsacus sylvestris by Werner and 
Caswell (1977), in which flowering plants at time t were described as 
producing seeds at time t + 1, which only germinated to seedlings at 
time t + 2. The issue was discussed and corrected in Caswell (2001). 
Furthermore, this issue has been reported, for instance, in reproduc-
tive structures such as seeds that do not actually undergo a per-
manent seed bank. An MPM with this issue will typically (Kendall 
et al., 2019), but not always (Nguyen et al., 2019), underestimate the 
asymptotic population growth rate, �. Naturally the challenge will 
then be in estimating the relative importance of the seed bank and 
the lifespan on nongerminated seeds. The effect of incorrectly pa-
rameterizing fertility on � is greatest in cases of extreme growth, 
such as invasive species, or extreme decline, such as critically en-
dangered species (Rueda-Cediel et al., 2018). Furthermore, this issue 
can also cause overestimation of the transient envelope (see Ezard 
et al., 2010). Thus, we recommend reporting the fertility vital rate 
formulas with the associated MPMs and clearly identifying the val-
ues of these underlying vital rates (as in Box 1).

3.4  |  Indirectly calculating vital rates

Estimating vital rates often involves combinations of direct and indi-
rect measurements. Direct measurement empirically derives vital rates 
from individual-based data where identified individuals are censused 

multiple times, as in cohort life table studies, mark-recapture methods 
and many quadrat studies of marked plants. However, vital rates can 
be hard to observe in species with high offspring production, complex 
phenology and/or small population sizes (Beissinger & Westphal, 1998). 
Consequently, recruitment estimates are often supplemented into 
MPMs from controlled conditions; examples include the laboratory 
(Jouvet et al.,  2018), greenhouse (Gontijo & Carvalho,  2020), zoo 
(Clubb et al., 2009) and botanic garden (Jiménez-Valdés et al., 2010). 
Since some MPM methods require a full life cycle to obtain key met-
rics (e.g. transient metrics: Stott et al., 2011), external study sites or 
literature sources are often used to parameterize components of the 
MPM to ‘close the loop’ in incomplete life cycles (Omeyer et al., 2021). 
However, captive populations may not represent wild population dy-
namics (Clubb & Mason, 2003), particularly in regards to survival (Che-
Castaldo et al., 2021) or reproduction (Clubb et al., 2009).

Another method to indirectly estimate vital rates involves using 
ex-situ methods to obtain upper and lower bounds on recruitment 
(or other vital rates) and explore the parameter space within those 
bounds. The approach was introduced by Caswell et al. (1998) in a 
study of the effects of bycatch mortality on the harbour porpoise. 
Age-specific survival and fertility schedules were selected from 
other species with similar life cycles, re-scaled to match the longev-
ity of the harbour porpoise, and used to produce uncertainty dis-
tributions for population growth and the effects of the measured 
bycatch. Reporting the distribution and associated parameters pro-
vide a measure of uncertainty from which to inform the construction 
of an MPM (Tenhumberg et al., 2008). Furthermore, the use of hier-
archical models to estimate missing values and borrowing strength 
from other populations or species may improve parameter estima-
tion (James et al., 2021; Tremblay & McCarthy, 2014).

And lastly, integrated population models represent a valuable 
framework for indirectly estimating the demographic rates and pop-
ulation dynamics (size and structure) by combining data sources, par-
ticularly combining longitudinal individual data with population census 
data (Plard et al., 2019; Schaub & Kéry, 2021). Integrated population 
models allow for the construction of population models (including 
MPMs) by (1) combining data sources, (2) defining a life history a priori 
(this is often some form of stage-structured population model) and 
(3) quantifying the maximum likelihood of demographic rates encoded 
in the life history given the data sources. Integrated population mod-
els are particularly useful when uncertainty around data acquisition 
is known (e.g. in capture-mark-recapture studies) (Riecke et al., 2019).

3.5  |  Population vector

An estimate of the structure of the population, classified by age or 
stage, is a useful piece of information when available, but it will only 
sometimes be available. Current population structure provides a logical 
starting point for projections of short-term and long-term population 
viability (Werner & Peacock,  2019). Furthermore, using the popula-
tion vector (i.e. abundance and stage distribution) for projections helps 
to account for the effects of transient dynamics, which measure the 

 2041210x, 2023, 8, D
ow

nloaded from
 https://besjournals.onlinelibrary.w

iley.com
/doi/10.1111/2041-210X

.14164 by T
est, W

iley O
nline L

ibrary on [25/09/2023]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

C. Other works 227



2072  |   Methods in Ecology and Evolu
on GASCOIGNE et al.

BOX 1 Example presentation of a hypothetical three-stage plant matrix population model (MPM) using a clear and 
explicit presentation of data applicable to most MPM construction techniques.

(A) Matrix type

A simple deterministic density-independent matrix.*

*This free text field allows for the brief description of matrix type. If the matrix is structured by one variable the matrix is simple. If 
not, the matrix is considered general (e.g. age x stage). Deterministic refers to if the demographic rates that build the MPM are held 
constant (deterministic) or drawn from a distribution (stochastic). Density-independent versus density-dependent indicates if the 
demographic rates are or are not influenced by population density. 

(B) Life cycle diagram

(C) Census description

Census attribute Example

Census duration May 2021 to May 2022

Location (latitude–longitude) Sheffield, UK (53°24′41.5″N 1°30′02.3″W)

Projection interval 1 year

Mode of reproduction Birth-pulse (taking place in June and July)

Census type Pre-reproductive census

(D) Stage names and classification

Stage number Stage name Classifying criteria

1 Seedling A recently germinated individual that has fewer than four leaves 
and has not developed the radial rosette structure. The 
leaves are less than three centimetres in length

2 Rosette An individual with a pronounced radial morphology in leaf 
structure. The leaves are between three and six centimetres 
in length

3 Adult plant An individual with a pronounced radial morphology and has the 
ability to produce flowers. The leaves are greater than six 
centimetres in length

(E) Vital rate definitions

Vital rate Definition Data source

Sij Probability of survival from class j to class i Field site

Ns Number of seeds per fruit Field site

Nfx Number of fruits produced by an individual in size category x Field site

Prx Probability of reproduction of an adult in category x Field site

Ps Probability of seed germination and seedling survival across the 
projection interval

Greenhouse
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effect of nonstationary population structure on near-term population 
growth rates (Capdevila et al., 2020). Reported population stage or age 
vectors reflect two key components: the actual population structure 
at the census in time t and the methodological choices. This second 
component is critical to accurately represent the studied population.

Across the development and curation of COMPADRE and 
COMADRE, we have noticed two sources of error that affect popu-
lation vector estimation. The first error is a detection bias, where re-
searchers identify certain st/ages with a higher rate of detection over 
more cryptic stages (e.g. adult plants versus seed banks). The second 
error is the misappropriation of methods used to quantify demographic 
rates as a basis for estimating stage abundance. This second error 
stems from a misunderstanding of the difference between estimating 
rates and the estimation of numbers. To measure demographic rates, 
researchers sometimes increase the sampling effort of certain st/age 
classes over other st/age classes during a census. This differential sam-
pling effort across st/ages is particularly common when st/age classes 

have survival probabilities close to its limits (i.e. 0 and 1). For instance, 
in tree demography, there are typically only a few very large individ-
uals per area examined. Thus, oftentimes researchers supplement the 
sample size of this category by sampling outside of the predefined area 
(Jones & Hubbell, 2006). However, many types of demographic rate 
estimation do not provide any information on numbers and structure. 
Cohort life tables, that follow a cohort of individuals as they age, are 
blind to the structure of the population in which the cohort develops. 
Indeed, there may be no such population (e.g. the entire history of lab-
oratory cohort-based demography going back to Pearl in the 1920s 
(Pearl et al., 1927)). Mark-recapture estimation of rates from longitudi-
nal data draws all its inference from the marked individuals and makes 
no inferences about the number and structure of the unmarked. The 
literature on mark-recapture methods for estimating rates recognises 
that estimating population numbers is thus much more difficult than 
estimating rates (Lebreton et al., 1992) and requires different mark-
recapture models (e.g. the inclusion of trap happiness/shyness in vital 

(F) Vital rate values

Vital rate Estimate* Standard error** Sample size (individuals)***

S21 0.400 0.100 80

S32 0.850 0.050 160

S33 0.900 0.020 160

Ns 1000 150 80

Nf3 2.000 300 80

Pr3 0.300 0.040 200

Ps 0.005 0.001 500

*If these estimates are dependent on population size (i.e. density-dependence) or in response to an environment variable (i.e. environ-
mental stochasticity), the estimate should be communicated as a function (e.g. S33 ∼ 0.9 + �precipitation × 0.01 where �precipitation ∼ N(5, 1)).  
Furthermore, if this is a point estimate, researchers should indicate if the values represent mean or median values.

**This measure of uncertainty may also be the estimate's standard deviation, variance or a confidence/credible interval at the discre-
tion of the researcher.

***Indicate if the unit of measurement/replication is at the level of individual organisms or at the level of groups (e.g. cohorts, colo-
nies, families).

(G) MPM formula (May 2021 to May 2022)

0 0 Ns × Nf3 × Pr3 × Ps

S21 0 0

0 S32 S33

(H) Population vector (May 2021)

Stage Number
95% Confidence 
interval*

1 1350 1150–1550

2 550 530–570

3 300 290–310

*This measure of uncertainty may also be the estimate's standard deviation, variance or a confidence/credible interval at the discre-
tion of the researcher.

BOX 1  (Continues)
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rate estimation). Therefore, if projection from an actual structure is 
desired, that initial condition may be more appropriately measured in 
a separate census, rather than extracted from the measurements of 
rates that inform the MPM.

3.6  |  Omitting cryptic life stages

The identification and estimation of vital rates in cryptic stages poses 
a challenge in population ecology. Cryptic stages represent points 
along an organism's life cycle that are somewhat hidden from or over-
looked by population ecologists when building population models 
(Doak et al., 2002). A life stage could be cryptic because it is logisti-
cally challenging to observe or observable but indistinguishable from 
a similar seeming class (Nguyen et al., 2019). In plants, cryptic stages 
can emerge from seed banks for plants, such as orchids, where the 
seeds are too small to be identified in the field (Paniw et al., 2017) 
or some herbaceous perennials (e.g. Astragulus scaphoides) where pro-
longed periods of vegetative dormancy can allow individuals to stay 
underground for one or more growing seasons (Gremer & Sala, 2013). 
Additionally, animals can exhibit cryptic stages by undergoing dia-
pause or delays in development due to adverse environment condi-
tions (Aedes albopictus: Jia et al., 2016). Pelagic seabirds (albatrosses, 
petrels, penguins) often spend pre-reproductive stages, sometimes of 
many years durations, at sea, completely cryptic until returning to the 
breeding colony as adults. Sophisticated multistate mark-recapture 
methods can provide estimates of parameters for these parts of the 
life cycle (e.g. Jenouvrier et al. (2018), using the multievent algorithm 
of Choquet et al. (2009)). Omitting a cryptic life stage can reduce the 
biological realism of an MPM and alter the number of stages in the 
MPM, which can further impact demographic outputs (Salguero-
Gómez & Plotkin, 2010; Tenhumberg et al., 2009). In some cases, cryp-
tic life stages will only be identified via a multidisciplinary approach 
including field and laboratory methods, coupled with Bayesian frame-
works to integrate data and prior knowledge (e.g. Paniw et al., 2017).

3.7  |  One-sex versus two-sex models

Much of demography focuses on females, under the assumptions 
that fertility is determined by females without limitation by males (see 
Caswell, 2001, p. 568). Such models may include males (e.g. Hunter 
et al., 2010), but if reproduction is determined by female rates (i.e. are 
female-dominant), males represent a set of stages that do not con-
tribute to population growth. Most existing animal MPMs are female-
based and female-dominant (Salguero-Gómez et al.,  2016) because, 
given sampling biases towards mammals and birds (Conde et al., 2019), 
it is oftentimes not feasible, or necessary for the research question, to 
track male reproductive interactions (Archer et al., 2022). These stud-
ies typically assume a 1:1 sex ratio, sex-congruent vital rates and that 
reproduction is not male-limited (Compagnoni et al., 2017; Miller & 
Compagnoni,  2022). While one-sex models are common in animal 
MPMs (currently 77% in COMADRE v. 4.21.8), care must be taken 

to not make assumptions about sex-ratio dependent dynamics within 
these systems (Archer et al., 2022) Indeed, these assumptions may not 
be met when any of the following are true: there is a bias in sex ratio 
(Archer et al., 2022), there is reproductive skew (Sky et al., 2022), or a 
high sensitivity of population dynamics in response to mating choice 
(Veran & Beissinger, 2009). Furthermore, sex-dependent detectability 
can further confound estimates of sex-ratio and their associated im-
pacts on vital rates if not taken into account. Two-sex models that do 
not assume dominance by one sex are nonlinear and require specifica-
tion of a mating function that describes fertility as a function of male 
and female abundance (Caswell,  2001). Defining such mating func-
tions is generally difficult or impossible, except in the particularly easy 
case of strict monogamy (Jenouvrier et al., 2010).

Reporting sex ratios can greatly expand the scope of a study (Shyu 
& Caswell, 2016a, 2016b); for example evaluating the impact of sex 
ratio and the Allee effect (Boukal & Berec,  2002). Unfortunately, 
this reporting is rarely done in work archived in COMPADRE and 
COMADRE. Moreover, if there are differences in vital rate values be-
tween sexes, such as survival, growth, and/or reproductive output, a 
one-sex MPM may neglect important processes (Archer et al., 2022; 
Caswell, 2001, p. 568). In plants, reporting two-sex dynamics is even 
more rare (0.2% in COMPADRE v. 6.22.5). However, this low percent-
age likely reflects the rarity of dioecy or other mating systems with 
two or more sexes in plants (Käfer et al., 2017) and the commonness 
of polygamous mating systems which makes male-limited reproduc-
tion rare (see Compagnoni et al., 2017; Miller & Compagnoni, 2022).

3.8  |  Irreducibility and ergodicity

The property of irreducibility has implications for the eigenvalue 
spectrum of a matrix, and hence biologically relevant outputs (e.g. 
population growth rates, stable stage structures). These implications 
are well known in the literature on MPMs (Caswell, 2001). An irre-
ducible matrix is one in which the life cycle graph is completely con-
nected; that is, there exists a direct or indirect path from any stage 
to any other stage. It is sometimes asserted that reducible MPMs are 
somehow invalid; they are not. There are (at least) four situations in 
which reducible matrices naturally occur.

1.	 Life cycles with post-reproductive stages. The post-reproductive 
stages can make no contribution to the potentially reproductive 
stages (e.g. MPMs for humans, orcas).

2.	 Two-sex models with dominance by one sex (usually females, but 
could be male). In a female-dominant model, all reproduction is 
credited to females. Males are produced by females, but make 
no contribution to the female part of the life cycle (e.g. Hunter  
et al. (2010) for polar bears).

3.	 Spatial models in which dispersal is one-directional, as in river sys-
tems or oceanic currents.

4.	 Age × stage-classified models (Caswell, 2009; Caswell & Salguero-
Gómez,  2013). In these models, reproduction produces (by 
definition) individuals in age class 1, but the model includes all 
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combinations of age and stage, including impossible combinations 
of age class 1 and stages that do not exist at age 1.

Reducibility may or may not be easy to spot from the life cycle 
graph, but it can be tested numerically. The matrix A is irreduc-
ible if and only if the matrix (I+A)s−1 is positive (Caswell,  2001). 
Irreducibility, together with primitivity, is a sufficient condition for 
ergodicity, guaranteeing that the population will converge to the 
same stable structure regardless of the initial condition. A reducible 
matrix may not have this property; clearly, for example, a population 
started with only post-reproductive individuals will not converge to 
the same structure as one started with some pre-reproductive indi-
viduals. With regard to ergodicity, it is also known that an MPM is 
ergodic if and only if all entries of its dominant left eigenvector (v  ) 
are positive (Stott et al., 2010). In short, despite appropriate model 
structure and correct parameterisation, demographic data may lead 
to reducible and/or nonergodic matrices.

4  |  FULL REPRESENTATION OF AN MPM 
IN PUBLIC ATIONS

In this section, we justify the need for clear presentation of MPMs 
in the scientific literature, suggest where to archive MPMs open-
access, and discuss how these two actions benefit the original 
authors, publishing journal, readers, comparative demographers, 
meta-analysts and the discipline at large. A table containing corre-
sponding data to include when publishing MPMs along with a ra-
tionale for inclusion and examples of good practice can be found in 
Table S1.

4.1  |  Partitioning demographic processes

It is important to define what each matrix element in an MPM 
represents. Various demographic processes can overlap into the 
same matrix element in an MPM, particularly in species with a fast 

and/or plastic lifecycle relative to the MPM projection interval. For 
example, the value in an MPM that represents the link between 
large individuals at time t  and smaller individuals at time t + 1 
might correspond to sexual reproduction, clonal reproduction, 
fission, retrogression, or a composite of multiple processes. The 
mathematical derivations of key life history traits (e.g. generation 
time, life expectancy, rate of senescence, degree of iteroparity) re-
quire that these processes be clearly separated (Jones et al., 2022). 
This is critical for the family of analyses based on Markov chains; 
the matrix U defines the transient state transitions in an absorbing 
Markov chain (Caswell, 2011, 2013). By reporting the underlying 
demographic rate structure in a life cycle diagram and its conse-
quent full matrix population model A, one can separate matrices 
into survival-dependent processes (e.g. progression/growth, ret-
rogression/shrinkage, fission, fusion, stasis) in the submatrix U,  
sexual reproduction in the submatrix F and clonal reproduction in 
the submatrix C (Figure  4). Importantly, both F and C submatrix 
elements must incorporate survival according to census type (i.e. 
pre-/post-reproductive census).

Reporting the matrix A as well as the submatrices U, F and C lends 
two key benefits: (1) explicitly indicates how the values in A are gen-
erated from underlying vital rates; and (2) the submatrices can be 
used to calculate a vast plethora of demographic measures that can-
not be calculated from A alone, such as longevity (mean and vari-
ance), occupancy times (means and variances), lifetime reproductive 
output (means and variances), net reproductive rate, generation time 
and entropy (Keyfitz entropy (Keyfitz, 1968) and Demetrius' entropy 
(Demetrius, 1992)) just to name a few.

4.2  |  Attribution of secondary data sources

Secondary data sources are critical for reproducibility. These data 
sources provide information and support for methodologies used in 
MPM construction. In some cases, MPMs simply use secondary data 
to complete the life cycle, whereas others are constructed purely 
from secondary sources (see Table S1). Secondary sources include 

F I G U R E  4  Decomposing an MPM into its submatrices allows for the isolation for otherwise masked vital rates. Matrix A represents the 
MPM. Since individual transitions can be represented by multiple demographic rates (e.g. retrogression, sexual reproduction and clonal 
reproduction), decomposing A into its U, F and C submatrices allows for targeted demographic inference about what demographic transitions 
are driving the dynamics of the population.
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previous studies, data from databases, simulations, indirect observa-
tions and theoretical estimates. The use of secondary data sources 
may mean that the final MPM does not accurately represent vital 
rate trade-offs, and so should be recognised in the methods sec-
tion of the publication or its Supporting Information. Sufficient com-
munication of secondary sources includes the source of the data, 
whether a point estimate, confidence interval, or distribution was 
integrated with the primary data source as well as the rationale for 
their inclusion. For example, Omeyer et al. (2021) presents a table of 
data sources used in construction of the MPM. If these secondary 
sources are not recognised in tandem with the MPM, the inferred 
demographic processes, however realistic they may be, may not pass 
peer review nor uptake by the scientific community. In turn, clear 
communication of these secondary sources is highly recommended.

4.3  |  Archival of information in COMPADRE  
and COMADRE

We propose that the COMPADRE and COMADRE matrix databases 
provide the most appropriate way of archiving and accessing MPMs. 
While we recognise that there are other ecological database reposi-
tories (e.g. dryad: https://datad​ryad.org/; figshare: https://figsh​are.
com; zenodo: https://zenodo.org), the open access COMPADRE and 
COMADRE databases (https://compa​dre-db.org/Contr​ibute) pro-
vide a dedicated data archival platform, specifically for MPMs, al-
lowing direct contributions from researchers as well as digitization 
of published MPMs by our data validation teams. The web-based 
data entry portal provides a structured data curation process (i.e. 
from screening, to standardisation, to validation) that can accom-
modate MPMs of different dimensions and for diverse life histories. 
On entry, MPMs are complemented with relevant biogeographic 
variables and details on census methodology in COMPADRE and 
COMADRE. Details of the original publication, including DOI and 
citation functionality (see https://compa​dre-db.org/Educa​tion/artic​
le/obtai​ning-refer​ences), are stored alongside each MPM to ensure 
that their contribution towards any future publication is recognised. 
All data are archived long-term through Oxford Open Access and 
Bodleian Library support.

Other recent enhancements to COMPADRE and COMADRE 
will further aid the research community. Previously, the databases 
were only accessible via download of an R-object file which con-
tained all matrices in that version of the database. The database is 
now accessible via a queryable website (https://compa​dre-db.org/
Query​Database) that allows users to find and download individual 
matrices. We also strive to empower researchers and educators 
with teaching materials (https://compa​dre-db.org/Educa​tion) and 
the production of new r-packages (Jones et al., 2022) for ease and 
scalability of MPM-related research. Along with these materials, 
all details of the database structure and workflow are open-access 
(https://jones​or.github.io/Compa​dreGu​ides/user-guide.html). These 
improvements to the databases and their interface structure have 
been directly targeted to equip demographers with more tools to 

conduct research with and train students on MPMs along with in-
creasing database transparency to ensure best research practices.

5  |  A STANDARD PROTOCOL FOR 
REPORTING MPMS

Here, we introduce a proposed checklist for how to report an MPM 
in publications (Box  1). We recommend using the checklist when 
designing data collection as well as when writing up the MPM for 
publication. We recommend using this template as Supporting 
Information for published MPMs as it allows for the clear communi-
cation of model construction in addition to ease in integrating pub-
lished MPMs into the COMPADRE and COMADRE databases.

6  |  THE THEORY DOES NOT STAND 
STILL:  NONLINE ARIT Y,  ENVIRONMENT-
DEPENDENCE AND MULTISTATE MODEL S

MPMs have become a predominant approach in the toolbox of popu-
lation ecologists partly due to their simplicity of construction and 
analysis. But the theory underlying matrix-based demography does 
not stand still, and in the last 20 years it has enlarged dramatically. 
These new methods produce models whose structure does not fit 
into the frameworks for reporting that seemed so comprehensive in 
the past. These recent advances in MPM theory and methods, enable 
researchers to link population dynamics and demography to envi-
ronmental conditions and multiple individual traits (e.g. sex and age 
(Childs et al., 2016); age and kinship (Caswell, 2019b, 2020)) rather 
than a single trait. These advances also offer benefits for the study of 
population responses to extreme climate (Jenouvrier et al., 2022), as 
well as more nuanced investigations of comparative and evolutionary 
demography (Childs et al., 2016). In turn, in this section, we overview 
some exciting areas of structured demography that can open novel 
research questions for the modern demographer and list some of the 
challenges they pose for communication and reporting.

6.1  |  Nonlinear dynamics

Nonlinear MPMs are those in which entries of the projection matrix 
depend on the population state (numbers and structure) and may 
be frequency- or density-dependent. Frequency-dependent non-
linearities depend only on the relative abundance of stages; they 
occur in two-sex models in which mating depends on the relative 
abundance of males and females, and in population genetic models 
where dynamics depend on the relative abundance of genotypes 
(de Vries & Caswell, 2019). Density-dependent models depend on 
the abundance and structure of the population; recent examples 
include Pardini et al.  (2009) and Shyu et al.  (2013) for analyses of 
control strategies for garlic mustard Alliaria petiolata and de Vries 
et al. (2020) for laboratory studies of pesticide resistance in Tribolium.
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The analysis of nonlinear MPMs focuses on demographic out-
comes different from those of linear models; equilibria, attractors, 
bifurcations, oscillations and stability (see Caswell, 2001, Chapters 
16 and 17, and Cushing et al., 2003 for the most detailed analysis 
yet). However, what makes these models problematic for the current 
status of COMPADRE and COMADRE is that the unit of the model 
is not a matrix, but rather a matrix function, in which the entries of 
the projection matrix are functions of the state of the population. 
Sensitivity analyses are available to study pretty much any demo-
graphic outcome in response to any parameter (Caswell,  2019a), 
but reporting the functions that define the MPM is not at all 
standardised.

6.2  |  Environment-dependence

A similar problem arises in environment-dependent MPMs. In such 
models, some or all of the demographic rates are functions of some 
aspects of the environment; for example, polar bears as functions of 
statistics of Arctic sea ice (Regehr et al., 2010), sifaka as functions 
of rainfall (Lawler et al., 2009), the emperor penguin as a function 
of seasonal sea ice patterns in the Antarctic (Jenouvrier et al., 2012) 
and the North Atlantic right whale as functions of time and of trends 
in time (Fujiwara & Caswell,  2001). As with nonlinear MPMs, the 
model is not a matrix, but a function that maps from the environ-
mental variable(s) to the entries in the matrix. Protocols for reporting 
such functions are not yet available but are important to develop.

6.3  |  Multistate models

An exciting emerging area of demographic research is the construc-
tion and analysis of multistate MPMs, in which individuals are clas-
sified by more than one state variable. This includes age and stage 
(Caswell & Salguero-Gómez, 2013), stage and spatial location (Hunter 
& Caswell,  2005), stage and genotype (de Vries & Caswell,  2019), 
stage and infection status (Klepac & Caswell,  2011), age and un-
measured heterogeneity (Hartemink et al., 2017), and stage-specific 
incidence of disease (Caswell & Van Daalen, 2021). A detailed pres-
entation of the methods is given in (Caswell et al., 2018) and the ex-
tension to more than two state axes (so-called hyperstate matrices) 
is given in (Roth & Caswell, 2016). The incorporation of additional 
states enables researchers to tease apart various sources of individ-
ual heterogeneity, the variance of life history outcomes for individu-
als from the same population model, and to ask deeper comparative 
and evolutionary questions. For example, maternal age has a strong 
impact on vital rates in monogonont rotifers (Bock et al.,  2019). 
Applying vec-permutation methods (Caswell, 2012) to build multi-
state MPMs has allowed researchers to quantify the population-
level impacts of the observed maternal age effect and to investigate 
the evolutionary processes that can lead to this type of senescence 
in rotifers (Hernández et al.,  2020). Multidimensional MPMs and 
Markov chain approaches have been particularly important in the 

study of ‘luck’ in life histories, which explores why some individuals 
live long and prosper, while others do not (Snyder & Ellner, 2018). 
In studies of ‘luck’, variance among individuals for a life history out-
come is partitioned into contributions from between-group and 
within-group variation (e.g. Snyder & Ellner,  2018; van Daalen & 
Caswell, 2017). Examples of sources of individual heterogeneity in-
clude maternal age (van Daalen et al., 2022), birth-year environment 
(Snyder & Ellner, 2022), and genetic variation (Steiner et al., 2021). 
The within-group variation is called individual stochasticity or ‘luck’ 
and arises from the fact that vital rates are probabilistic processes.

These models pose a challenge for reporting because the MPM 
consists not of a single matrix, but of four sets of matrices. Consider 
an age × stage-classified model. It is composed of a set of matrices 
giving transitions among stages for each age class, a set of matrices D 
giving age transitions for each stage, a set of matrices F giving stage-
specific fertility for each age, and a set of matrices H that allocate 
newborn offspring to the appropriate ages. These are assembled 
into block structured transition and fertility matrices from which all 
the usual demographic outcomes can be calculated and related to 
both age and stage (e.g. see Caswell and Salguero-Gómez (2013) for 
an analysis of selection gradients for both age and size).

7  |  DISCUSSION

Demographic research has come a long way since the introduc-
tion of age-based (Leslie,  1945) and stage-based matrix models 
(Lefkovitch,  1965). Advances in this field have been fuelled partly 
by clear communication of methods and associated code. We aim to 
continue this expansion with MPM communication.

As the depth and breadth of the literature continues to expand, 
we are starting to build a comprehensive picture of demography 
across the spectrum of life (Adler et al.,  2014; Healy et al.,  2019; 
Salguero-Gómez et al., 2017). Through the work of the COMPADRE 
and COMADRE databases, we have come to appreciate the util-
ity and opportunities of a standardised way of compiling MPMs. 
Indeed, a significant portion of the time (>50%) we spend curating 
these databases is actually not on digitising, error-checking, and 
complementing data, but on contacting authors for clarification and 
request of missing data and metadata. Through this arduous pro-
cess, we have identified valuable—yet typically missing—information 
in MPMs. Whilst the missing data highlighted here as being partic-
ularly important primarily reflects the interests and perspectives of 
comparative demographers, including the data outlined in the stan-
dardised method would benefit demography as a whole.

This paper intends to act as a useful reference for authors, ed-
itors, reviewers, managers/conservationists and comparative de-
mographers. Furthermore, we hope this manuscript will promote a 
constructive discussion on the purpose, construction and presen-
tation of stage-based demographic information. Box  1 contains a 
comprehensive example of the key information we believe should 
be incorporated into the publication of any MPM. Should the meth-
ods suggested here be adopted, there will be clear benefits for the 
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growth of the COMPADRE and COMADRE demographic databases; 
however, we believe these benefits extend beyond COMPADRE and 
COMADRE users towards the whole field of population ecology 
and fields that use MPMs for their own inference (e.g. conservation 
biology and biodiversity monitoring). A greater level of detail and 
transparency when describing how and why an MPM is produced 
will result in greater accuracy, accessibility, reproducibility and 
citability—this has clear benefits to the field as a whole and to in-
dividual researchers. In addition, greater consistency and transpar-
ency facilitates peer review, and indeed, these guidelines may offer 
a tool that can be cited by associate editors and peer-reviewers who 
may frequently advocate some (or all) of the steps suggested herein. 
Furthermore, adoption of the steps suggested here may increase 
confidence in the results presented and facilitate learning/uptake of 
MPMs by early career researchers.

Finally, we close with a caution. We have used the term ‘accu-
rate’ at points throughout this paper, applied to MPMs, but we must 
acknowledge that there is no such thing as an accurate model, be it 
an MPM or any other type. A model is a series of choices, choices 
of aspects that are included and aspects that are neglected. Model 
selection techniques such as AIC (Anderson & Burnham, 2002) make 
these choices explicit and measure their support in terms of like-
lihood. But even without using the explicit statistical method, the 
message is clear. Choices of i-state variables, of projection intervals, 
of types of time variation, of functional dependence on a chosen set 
of environmental factors and so forth, all of these are inaccurate. 
The point is not to seek for accuracy: it is to be clear about communi-
cating the choices you made in constructing the model, the analyses 
you chose to apply and the interpretation of the results. An ‘accu-
rate’ model of an ecological system, experimental or observational, 
would be as complicated as the real system. That does not end well 
(Borges, 1999).
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Seasonal weather impacts wine quality in Bordeaux

Andrew Wood,1,3,* Samuel J.L. Gascoigne,1 Gregory A. Gambetta,2 Elizabeth S. Jeffers,1 and Tim Coulson1

SUMMARY

Critics judge quality based upon subjective characteristics of wine. These judgments are converted by
critics into quantitative scores, which allow for comparison of vintages. This paper uses high resolution
discrete and continuous time-based weather estimates at both a local and regional level to determine
the role of weather conditions on producing high quality Bordeaux vintages, as determined by critics
scores. By using discrete-time weather variables across local AOCs, this study reveals climate-quality
relationships across the whole year, including previously ignored season effects. By using continuous
time weather variables, we reinforce the evidence for these local effects by finding higher quality wine
is made in years with higher rainfall, warmer temperatures; and earlier, shorter seasons. We propose
management impacts of our results and suggest that as the climate continues to change, the quality of
Bordeaux wines may continue to improve.

INTRODUCTION

Climate change is globally impacting agricultural produce, both in terms of yield and quality.1,2 Despite these expected effects, the link

between climate change and agricultural produce quality has not beenwidely explored.Wine (Vitis vinifera) presents the ideal system to study

this relationship as wine price is governed primarily by quality,3 which is dependent on weather during the vine’s growing season.4 Addition-

ally, wine quality in Bordeaux (France) has been measured by many independent experts over time, meaning that there exists a multi-critic

regional and local longitudinal dataset for quality.5–11 With the availability of high-resolution weather data we can now use this information to

examine how weather influences quality on both a regional and local scale.

Local variation in the quality of wine was first acknowledged with the introduction of wine rating systems. The Bordeaux Grand Cru system

was created in 1855 to classify individual vineyards into one of five categories based on price and perceptions of quality. This Grand Cru

classification system has been expanded such that there now exists 14 defined categories of wines in Bordeaux, with other wines simply being

categorized as unclassified via this method.11 A series of geographical protections were introduced in 1936, referred to as appellations d’ori-

gine contrôlée, or AOCs. Acting on the local scale, they create individualities for wines, with each AOC having distinct viticultural character-

istics and vinicultural identities.12 Such identities can link an AOC to perceived quality, with some becoming more famous than others.

Regional and local disparities can be explored by comparing scores for the whole of Bordeaux to individual wine scores linked to an

AOC. Consequently, each individual wine is wrapped in its own historic quality ratings which have the potential to shift perceptions of the

current and future wines. Such perceptions must be considered in any attempt to understand quality.

Some studies have directly examined quality using tasting scores.13–15 In Bordeaux these tasting scores traditionally take the form of a

primeur score. These scores are bestowed by wine critics at tastings approximately 10 months after harvest and just after blending. While

these wines are not mature and often highly tannic,11 this scoring system provides a direct standardized measurement of quality and allows

for an ascertainment of the quality of the wine before it fully ages. Other critics, mainly wine merchants, rate Bordeaux as a whole region,

giving an overall classification as to whether or not a year is good or not. Due to this two-scale rating system, there exists the potential to

compare regional tasting scores to local tasting scores.

Weather conditions have also been demonstrated to have an impact on the wine quality. Most famously, Ashenfelter’s (1995) Bordeaux

equation6–8 suggested that the average price of wine in Bordeaux is a linear function of winter precipitation and summer temperature. Other

models have used monthly weather, demonstrating that finer resolution weather data and local chateau characteristics6,16 can contribute to

explaining price variation in Bordeaux wines. These local effects have been examined using this same price-based approach by Lecocq and

Visser (2006) using local weather stations.17 The models in Lecoq and Visser (2006) found similar results at both regional and local scales and

thus suggested that in most cases regional and local weather records are interchangeable.

Tasting scores have been correlated with single-year metrics of weather such as annual mean temperature and precipitation7,9,18 in wine-

growing regions from Australia14 to California.13 Consensus from the Bordeaux equation, price modeling and current quality scores suggest

that higher temperature and lower precipitation leads to higher quality grapes.5,7,11 Ashenfelter and Jones (2013) suggest that: critics scores

‘‘reflect qualitatively the same weather factors that have been documented to be determinants of wine quality.’’6 Multiple studies have shown
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that a higher number of warm days during flowering and at the onset of berry ripening (spring and summer) and lower precipitation during

berry maturation (autumn) leads to higher quality.5,19,20 But other conflicting studies have shown impacts outside of this time frame, with

weather affecting quality across the year. Notably, the Bordeaux equation suggests that primarily winter precipitation and summer temper-

ature is important. But Vittorio and Ginsburgh (1996) use the number of days of hail in April as well as temperature and precipitation during

June to September.16 Jones and Storchman (2001) look at phenological stages and find that four different weather aspects (evapotranspira-

tion; total rainfall; and the number of days with temperatures more than 25�C and 30�C) all have an effect on the price of the final wine.11

Baciocco et al. (2014) suggest that low rainfall and high heat accumulation over the year lead to higher ranked wines.10 Bonada et al.

(2020) claim that rainfall during winter dormancy impacts quality.21 Alongside such varying insights in the literature comes a finding of a reduc-

tion in quality with high temperatures.18,20 Other evidence also links spring frosts to changes in quality.22 Overall, these findings suggests the

potential for regional differences in climate change to potentially impact wine quality.23 Thus, it is important to understand which features of

the weather are affectingwine quality andwhen, in order to determine the precise impacts of climate change on a viticulturally relevant spatial

resolution.

In this study, we explore the link between weather and critic quality scores, using weather and quality scores for Bordeaux wines, at both

regional and local levels. We use discrete time models with time steps such that the impact of temperature and precipitation on wine quality

scores across the year can be ascertained. We then use continuous time models which explore the weather across the whole year as single

functions for rainfall and temperature. In turn, we aim to give greater understanding as to when wine quality is most susceptible to changes in

temperature and precipitation, and how we can examine such changes.

RESULTS

Between 1950 and 2020 there was a general increase in quality scores for wine quality in the Bordeaux region. Themaximal annual mean score

was 98.67 points (1961), and theminimumwas 32.5 (recorded in 1965). A generalized linear model was fitted to determine the location annual

trends, as per model 1 in the model summary figure (Figure 1A). In this GLM, the overall critic score for Bordeaux is predicted by the year,

controlling for critic. Year fitted as a continuous variable in the model was found to be statistically significant (coef = 0.0195, c (1) =

4.4528, p < 0.05, R2 = 0.27), meaning there is a general increase in critics’ quality score over time (Table S3).

Quality scores were also examined on a local scale. Themaximalmean critics scorewas 99 points (recorded once in 2019) and theminimum

was 28 (recorded once in 2006). Critics showed high correlation between ratings (Figure S2). A binomial GLMwas fitted, again as per model 1

A B

C

Figure 1. Methods panel plot

(A) Summary of the generalized linear models run to analyze the relationship between wine critics scores and the weather, controlling for location annual trends

(location and year interactions). In each row the number on the bottle refer to the model number, and tilde means ‘‘is a function of’’.

(B) Depiction of sine wave with depiction of parameters fitted. mm is the mean temperature, a the amplitude, s the wavelength, and 4 the phase shift.

(C) Mean critics scores (scaled from 0 to 100) over time for Bordeaux as a whole with colored lines showing the GLM fitted.
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on themodel summary figure (Figure 1A). It reported no significant coefficients for Year nor Year:AOC interactions. This suggests that, for the

time period, there is no local increase in quality over time (for test statistics see Table S4).

Discrete time model

Generalized linear models were also built to explore the relationship between grouped monthly weather variables and the mean overall

Bordeaux general score, controlling for the yearly trend of improvements (R2 = 0.61; Table S5), as per model 2 in the model summary figure

(Figure 1A). As weather has been normalized, only the sign (positive or negative) and the relative size of the coefficients are important. The

largest significant (p < 0.05) coefficient in themodel is the positive coefficient for summer temperatures (coef =�4.48, F (1,59) = 122.1716, p =

0.0004), followed by the negative coefficient for summer precipitation (coef = 7.14, F (1,59) = 114.0373, p < 0.05), and then the positive

coefficient for winter precipitation (coef = 3.95, F (1,59) = 164.4203, df = 3, p < 0.05), as shown in Figure 2A. Models were found to fit well

from visual inspection of residual plots (see Figure S3). According to this model, changes in temperature and precipitation at other times

of year would not change the overall Bordeaux scores, excluding stochastic extreme weather events.

A generalized linear model was also run on the local (AOC) scale, as per model 3 on the wine model summary figure (Figure 1A). Model 3

examines the relationship between grouped monthly weather variables and individual wine scores, controlling for year increases, AOC, and

Grand Cru status (n = 4521, R2 = 0.35; for full details see Table S6). All weather terms were found to be significant, with coefficients shown

graphically in Figure 3. Again, temperature and rainfall have been normalized for comparison purposes, and so exact coefficients are without

real-world meaning. The largest coefficient is the negative term for temperature in autumn, followed by the positive coefficient for summer

temperature, the positive term and the third largest impact is the negative coefficient for precipitation in summer. Models fitted well from

visual inspection of plots (Figure S4). The variation in the coefficients shows the heterozygosity of the impacts, with positive and negative

impacts occurring across the year. The coefficients appear to be in a wave formation, with both temperature and precipitation increasing

and decreasing in a cyclical manner.

Results for models using parameters from continuous time weather models

Cumulative precipitation increases linearly with increasingmonth (Figure S5). Over time there exists a generalized trend of increasing precip-

itation with increasing year (year coef = 0.0000318, F(1,6185) = 1676.8, p < 0.05, for full results see Table S7). When mean critic scores are

modeled against cumulative precipitation controlling for AOC and year, as per model option 4 in Figure 1A, a positive correlation is found

(coef = 1779.8, F(1,6171) = 28.1, n = 4521, p < 0.05, R2 = 0.29, Table S8). This suggests that higher whole year cumulative rainfall is beneficial for

the production of higher quality wines.

Mean monthly temperatures have minima at around 3 to 4 months after September, in December and January. Peaks occur between 9-

and 10-month past September—in June and July (Figure S6), increasing and decreasing in a wave pattern. Sine curves were fitted across each

of the mean monthly temperatures and fitted the data well (mean R2 is 0.95 and standard deviation of R2 is 0.02, Table S9). mm and a were

found to be themost variable terms, withmeans of 8.01 and 286.72 and standard errors of 0.79 and 0.65 (Table S9).s and4were found to have

means of 0.52 and 3.07 and standard errors of 0.02 and 0.23 (Table S9). This suggests that mean temperature and temperature extremes can

vary more than the timings of when seasons change.

Mean precipitation and the sine parameters of quality were used together as explanatory variables in a GLM, as per model 4 in Figure 1A.

All factors, namely:mean precipitation (MeanPrecip), mean temperature (m; C), amplitude (a; A), periodicity (s, omega), and curve shift (4; phi)

were found to have significant (p < 0.05) positive coefficients (see Table S10 for test statistics). The marginal effects from this model can be

A B

Figure 2. Weather variable model coefficients

(A and B) Weather variable model coefficients for generalized linear models (GLMs) fitted to explain (A) mean critic score for the whole of Bordeaux and (B) mean

critic score controlling for AOC, Grand Cru status, and year. Bar presence signifies coefficient had a p value of less than 0.05 with standard error bars.
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seen plotted in Figure 3. These results suggest that the greater the extremes in temperature (higher amplitude), the shorter and earlier the

season (decrease in wavelength and positive temperature phase shift), and the larger themean temperature andmeanmonthly precipitation,

the higher the mean critic score of the wine.

DISCUSSION

All of the models suggest that weather is an important factor in the determination of wine quality. Taken as a whole, the models suggest that

weather impacts the quality of wine over the course of the year, with importance varying between seasons and aspects of seasonal weather.

This paper includes a new method of examining the weather-wine linkage, using continuous time rather than discrete time periods. It con-

cludes that different aspects of temperature and precipitation are important to quality throughout the year, with high quality requiring periods

of both high and low temperature and precipitation. Exploringweather as a continuous series, we find that higher quality wine ismade in years

with greater temperature extremes; earlier, shorter seasons; and potentially a higher mean temperature.

At a regional scale, quality can be seen to have increased over the last several decades (Figure 1C). The cause of such a trend cannot be

distinguished statistically on such a scale. Multiple factors all act in concert to improve wine critics scores, namely: climate change, increasing

technology, increased positivity in critics reviews, and increased matching of wines consumer pref. 4,28,29. This increase in technology and

consequential changes in wine characteristics since the 1960s have been described as the ‘‘Peynaudization’’ of Bordeaux wines.30 Controlling

for such trends therefore allows for greater exploration of the impact of individual aspects of wine quality scores. At a local scale, no increase in

trend can be seen to exist, and thus no universal increase in quality can be detected (Table S4). This may be due to the shorter time duration,

variation in winemaking techniques, or potentially even that the regional trends reflect critic regional sentiment rather than specific wines and

thus no actualized trend exists.

The overall Bordeaux generalized linear model (model 2 in Figure 1A) suggests the traditional view of high winter precipitation, high sum-

mer temperatures and low precipitation in the summer and autumn lead to high quality grapes (Figure 2A). This combination of precipitation

and sunshine has previously been termed the ‘‘Bordeaux Equation,’’7,8 and has shaped the global understanding of grapevines.29,31 However,

the weather location we used to examine these regional scores is in the city center of Bordeaux. This is an urban area not related to viticulture.

This suggests that general regional weather has some effect, but that this is not the whole story.

Like the Bordeaux equation, our overall models also advocate for the impact of out of growing season effects too, corroborating statis-

tically with findings from Bonada et al. (2020) that an increase water availability during the dormancy phase (in our case from precipitation and

in their case due to irrigation) leads to an increase in quality.21 During winter the grapevines are experiencing dormancy, and a negative

temperature coefficient here suggests a cooling period is required for high quality wine. The models also concur with previous findings

that rainfall during the winter leads to higher quality,17,21 with agricultural suggestions that this may be due to lower soil salinity.32 It has

been suggested that more rain in the winter could lead to a better water balance during the growing season, however, it has previously

Figure 3. Model effects plots

Model effects plot showing the vintage score against the sine wave parameters andmeanmonthly precipitation, with the slope of the line being the coefficients of

each parameter.
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been shown that in Bordeaux only 3 of the last 70 years have started the growing season not at full water soil capacity.2 Flowering, fruit set, and

potentially the onset of berry ripening (depending on the year) all occur in summer, with hotter and drier weather again being suggested to

make high quality wine in this time period, potentially due to lower promotion of major grape diseases.7,19

The individual AOCmodel (model 3 in Figure 1A) suggests a more complex view of the relationship and quality. While the same relation-

ships between weather and quality are there during the summer and autumn for temperature and precipitation, additional effects are also

present (Figure 2B). These are the negative effects of temperature in winter and autumn and precipitation in autumn, as well as the positive

effect in temperature and precipitation in spring. The higher number of significant time periods suggests that weather impacts occur right

across the year, with impacts of weather on quality score potentially varying due to the phenological stage of the grapevine.5 As well as

the dormancy effects, higher precipitation and higher temperatures in spring advocate for wetter and warmer weather for bud and leaf burst.

Finally, cooler and drier weather is best for ripening in autumn and the optimal harvest tomake a high-quality vintage. There is also an element

of susceptibility suggested, with the impacts of water deficit on wine quality having greater impact on wine quality during the winter and sum-

mer months, and wine quality being more susceptible to temperatures in summer and autumn.

Combined, the two normalized weathermodels (models 2 and 3) suggest a difference between the regional and local levels. They suggest

that heterogeneity at the local (AOC) level is being masked when only examining the regional level. They therefore suggest that, in order to

improve the viticultural understanding and hence relevance of such modeling approaches, more local scale weather effects should be

considered.

While these discrete-time suggestions are useful independently, they do not inform about time sequences of weather, which is exactly how

it occurs. To explore this more fully, weather was treated as a continuous time variable. When examined in continuous time, monthly precip-

itation was found to be erratic and thus suited a cumulative approach, with increases being added and forming a linear accumulation. The fact

that such an accumulation is well approximated by a linear model suggests an almost constant aseasonal pattern of precipitation, with the

slope of this linear accumulation being themeanmonthly precipitation. Conceptually, examining thismeanmonthly precipitation allows us to

consider whether a whole year is wet or dry, rather than just the segments set out in the discrete GLMs. The significant precipitation term

suggests that, even controlling for temperature, year, location, and class, a positive relationship exists between mean monthly precipitation

andwine quality (Table S10). Wetter years appear to lead to higher quality wines. Coupledwith the discrete timemodels (Figure 2), this model

therefore suggests that this high rainfall should optimally occur post-harvest and pre-growth, during the dormancy period.

Temperature is not linear, rather it fluctuates according to seasonality and thus can be well approximated with a sine curve. Each of the

parameters of the sine curve informs aspects of a temperature regime over the course of a year. In the GLM exploring the impact of temper-

ature and precipitation parameters onmean quality score (again controlling for year, class, and AOC), the coefficients of each of the terms are

found to be positive (Table S10). This suggests that, aside from being wetter, years that make higher quality wine are characterized by greater

temperature extremes, with a higher mean temperature, and earlier, shorter seasons. While the increase in mean temperature concurs with

previous research,7,20 more extreme weather suggests colder winters and hotter summers give higher quality. Earlier seasons suggests that

consistently warmer weather during early phenological stages is also beneficial. Warmer weather means lower risk of frost, suggesting that

damage to crops extends beyond losses and into quality.22,33 Warmer weather also potentially suggests that higher metabolic rates and

higher photosynthetic rates lead to higher quality grapes. Shorter seasons suggest that the cooling of temperatures toward the end of

the growing season may positively impact the ripening of grapes. With increases in both mean and extreme temperatures predicted across

France,34 and changes in timing and length of growing season also predicted across growing regions,35 this leads to the potential suggestion

that wine in Bordeaux may continue to improve over time.

Among these trends there still exists the question of the local versus regional disparities. The differences between the local and regional

models in both their model coefficients and statistical significances suggest the impacts from the local scale are being masked when exam-

ined at the regional scale. This may be because of the individual differences in weather, or due to disparities in the winemaking in each of the

AOCs. For each of the models that are built, the Grand Cru classification system suggests significant differences between the classification

levels, and similarly AOC level differences appear to exist (see Tables S6–S10). However, one potential source of variation in these datamay be

bias in expert opinion.36–40 Statistically, it is impossible with these data to fully disentangle wine bias from perceived quality. Future studies

where the data for wine quality is both linked to local weather and also rated in a double-blind fashion, will be necessary to capture the degree

to which expert bias informs or weakens our predictions.

We suggest that such variation in quality classification between regions has masked local variation in impacts of weather on quality across

the year. While we accept that biases exist within wine, both for a specific locale or classification, we have also demonstrated a significant

shared understanding of quality.

There are clear management implications of these findings, which result from trying to optimize the environment for vine growth and fruit

composition. Our models suggest that water regime is critical in determining higher quality wines. Specifically, to increase wine quality, ideal

conditions include high water abundance during the winter months and low water abundance in the summer, coupled with high tempera-

tures. Climate change in Bordeaux will likely lead to more extreme weather, with variation depending on the location.41 While some places

will be in drought, others will encounter less total rainfall punctuated with short heavy rain events.41 For red wine production we suggest that if

irrigation were to be considered, it would be best to target the water regimes highlighted in this work: a well-replenished soil water profile

over the winter months followed by moderate to severe water deficits during the summer months (depending on yield and wine style con-

siderations). In cases where heavy rainfall could be an issue in summer, increased drainage, erosion control, or, at an extreme, rainfall covers

could be necessary. With regard to temperature management, summer management strategies which promote localized higher
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temperatures are suggested (especially during the ripening period). This can be achieved by increasing defoliation around the berries to

reduce shading, but caution is warranted to guard against exposing fruit to temperature extremes. Finally, we agree with common practices

of avoiding frost damage by raising temperatures around the vines during the spring months. With predicted phenological and weather

changes leading to hotter and earlier summers, our results suggest that average Bordeaux quality scores may continue to increase.

This paper has explored the impact of weather on wine, seeking to determine the optimal growing conditions for high quality Bordeaux

vintages. It explores the infamous Bordeaux equation, finding that the equation works well for explaining regional patterns, but that for in-

dividual AOCs the weather impacts occur over the course of the year. Exploring this weather sequentially, this paper finds that higher quality

wine is made in years with greater temperature extremes; earlier, shorter seasons; and a higher mean temperature. This all suggests that as

climate change increases, the wine quality may continue to get better.

Limitations of the study

We appreciate that the study was only conducted using ratings for Bordeaux chateaus, and that the corresponding limitations are therefore

that we can only control for thewinery at the winery level.We cannot control for thewinemaker changing, or any potential changes in the exact

plots used tomake the wines. Finally, it is statistically impossible to tell the difference over time between improvements in wine due to climate

and winemaker (and hence this trend has been removed from dataset). Despite these limitations, we have shown a robust trend within the

dataset concerning the impact of seasonal weather on the quality of wines.
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STAR+METHODS

KEY RESOURCES TABLE

RESOURCE AVAILABILITY

Lead contact

Further information and requests for resources and reagents should be directed to and will be fulfilled by the lead contact, Andrew Wood

(wood_and@hotmail.com).

Materials availability

This study did not generate new unique reagents.

Data and code availability

This paper analyses existing, publicly available data. All data is publicly available at locations referenced within the text.Wine data is available

here: https://www.bordoverview.com/ and climate data from: https://cds.climate.copernicus.eu/cdsapp#!/dataset/10.24381/cds.68d2bb30?

tab=overview as documented in the reference list and the key resources table. Any additional information required to reanalyse the data re-

ported in this paper is available from the lead contact upon request.

METHOD DETAILS

This study is an analysis of the linkage between two key weather variables: temperature and precipitation, and the critic scores at a regional

and local (AOC) level for the Bordeaux region. As in previous approaches,7,23 analysis of the relationship between weather variables and wine

quality scores are based upon the assumption that beneficial weather influences will lead to higher wine quality. The quality-weather inter-

action methodology can be split into two approaches. Both approaches fit critics scores against weather using a generalized linear model

(GLM), but each uses different quantifications of weather as variables. The first approach uses themean temperature and precipitation during

discrete time-steps as the variables; the second approach uses the parameters of functions fitted to the temperature and precipitation data as

the variables in statistical models of quality. All data extraction and analysis were undertaken in R version 4.2, using the tidyverse24 and baseR

packages.

Weather data

Historical weather data were extracted from the ERA-5 land reanalysis weather dataset25 for each BordeauxAOC region and central Bordeaux

on a monthly time-step using the Krigr package26 (see Table S1 for AOCs and their locations). ERA-5 land is a high temporal and spatial

resolution interpolated dataset which is available on a 0.1� grid at time scales varying from hourly to monthly since January 1950.25 Temper-

ature and precipitation data were extracted on amonthly time-step for a 1km radius from the latitude and longitudepoint given per AOC for a

period of January 1950 to December 2020. Temperature was measured in Kelvin (K), and precipitation in meters (m), both SI units for their

respective measures. A growing season was defined as running from 1st November to 31st October, with harvest occurring at the end of

the year. This aligns with standard growing season measurements (May-October) but extends them to include the overwintering effects

(November-May).

Monthly weather variables were expectedly found to be strongly autocorrelated (Appendix 6), and thus unable to be used individually for

building GLMs. Accordingly, months were grouped into autocorrelated groups, which could be roughly thought of as seasons. These groups

were determined by those consecutive months by which the inter-month temperature or precipitation Pearson correlation coefficient was

above 0.4. Winter was defined as being November and December, Spring as January to May, Summer as June to August, and Autumn as

September and October.

REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited data

ERA-5 Land Hourly Weather Data https://doi.org/10.24381/cds.e2161bac

BordOverview Wine Database https://www.bordoverview.com/

Software and algorithms

RStudio

tidyverse packages

Krigr package
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A second way of dealing with this temporal autocorrelation is to describe temporal variation in the weather data to a continuous function.

Precipitation is erratic, and hence to examine it in a continuous fashion, cumulative precipitation was used. The cumulative monthly precip-

itation was modeled linearly using a GLM, meaning that the cumulative precipitation can be approximated using the mean monthly

precipitation.

Monthly mean temperature across the year were also described using a sine curve, as in Figure 1B. Non-linear least squares used to fit the

data to the following equation:

a sinðsM + 4Þ+m

WhereM is the number of months since October, and a;s;4; and m are parameters to be fitted. Figure 1B shows how each parameter relates

to a part of the sine curve. Starting values for parameters were chosen based upon a fixed periodicity for s and 4 (s = 2p
12;4 = 3

�
. s was

chosen because of the annual cycle, hence division by twelve, and 4 was chosen as October is 3 months after the approximate peak annual

temperature. a and m were fitted using the maximum, minimum and mean values of the temperature data per site and year using the equa-

tions: a = ðmax ðtÞ �min ðtÞÞ=2 ; m = mean ðtÞ.

Quality data

Annual quality scores were collected on two scales, regional and local. Regional critic scores are based on the opinions of how Bordeaux

performed as a whole, with individual variation largely ignored and general trends suggested.20 Local scores are based on individual wines,

which are tasted en primeur and then rated based upon this premature wine.27 For each, publicly available wine critic, scores were

transformed into a standardized 0–100 scale. Whole region scores were available for the period of 1950–2020 and were drawn from several

sources,9,20 with additional data drawn from online vintage charts (see Table S2). Regional primeur critics scores for the period 2014–2020

were compiled by Bolomey Wijnimport27 and consist of published ratings from major wine experts from France, UK, US, the Netherlands

and Germany. All publications were tested for correlation between their scores, and 14 wine publications were chosen based on having a

Pearson Correlation Coefficient of more than 0.4 with at least 3 other selected publications. This cut-off was chosen as a liberal threshold

for the inclusion of publications in our analysis. The chosen cut-off means that at least 16% of the variance in critics scores can be attributed

to a shared understanding of quality across 3 other publications. These scores were standardized within publications such that each was on a

0 to 100 scale. If wines were rated by more than one publication (78% wines) mean standardized scores were taken.

QUANTIFICATION AND STATISTICAL ANALYSIS

Generalized linear models

Generalised linear models (GLMs) were used to explore the relationship between weather and quality. A summary diagram of the models

fitted can be found in Figure 1A. In the diagram, the number in the bottle refers to the model number, and tildes mean ‘‘is a function of’’.

GLMs were chosen because they are a flexible modeling approach which does not require any particular error structure or variance.

As per model 1 in the summary diagram (Figure 1A), mean quality scores over time were investigated using a GLM with a binomial

distribution and logit link, controlling for the critic. This was due to the bounded nature of the scoring system (0–100) and decreasing variation

in quality scores over time. This allows for a comparison of longer-term regional versus local trends over time. At a regional scale, the yearly

trend interacted with region to determine the differential baseline trend over time.

For both the regional (model 2, Figure 1A) and local (model 3, Figure 1A) level scores, a GLM with a Gaussian distribution was fitted be-

tween the mean of the annual critic scores and the normalized temperature and precipitation during each weather grouping, controlling for

year and, in model 3, the AOC and Grand Cru status of the vineyard. Normality of residuals was checked visually using a qqplot and residuals

vs. fitted plot. The seasonal means of temperature and precipitation were normalized by subtracting the mean of the weather group and

dividing by the standard deviation (Standard Score normalisation). This means that the GLM examined the proportional positive or negative

impact of each of the variables on quality, rather than the absolute value. In normalizing such environmental data, comparisons could bemade

between the variables and therefore the relative contributions of each can be ascertained. The year was controlled for by adding it as a contin-

uous variable, and, in the AOC model, the locality was also controlled for by adding it as a factor.

GLMs were also built to compare the mean vintage score with weather treated as a continuous function (model 4, Figure 1A). This model

utilized an additive Gaussian GLM to examine how each of these variables explained the variance within themean critic scores, controlling for

AOC, year, and class. These models were run for both temperature and precipitation separately and then together. We also ran a GLM

without year as an explanatory variable due to covariance.
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Summary  25 

Climate change is drastically affecting the phenologies of species worldwide, including shifts 26 

in development1–3. The potential impact of climate change on the synchronicity of plant-insect 27 

phenology is particularly concerning since the stability of pollination networks and food chains 28 

depends on their tight temporal dependencies4–6. Furthermore, the recently reported “insect 29 

armageddon”7 makes it urgent to establish trends and identify primary drivers of plant-insect 30 

phenological synchrony. Here, coupling high-resolution remote sensing and citizen science 31 

data across Europe over 34 years, we examine the differences in occurrence dates of 1,584 32 

herbivorous insects across four orders and the corresponding dates of leaf unfolding. We find 33 

that 61.2% of the vegetation and insect phenologies have become highly asynchronous, with 34 

vegetation phenology advancing four-fold faster than insect phenology. These trends were 35 

modulated by insects’ life-cycles and taxonomic order. A primary driver of this phenological 36 

mismatch is the higher sensitivity of vegetation phenology than insect phenology to climate, 37 

which has prevented insects from matching the pace of plant phenological advance in the 38 

growing season. Our analyses provide a unique continental overview and underlying 39 

mechanisms of the asynchronicity between vegetation and insect phenologies, thus enhancing 40 

our ability to predict and manage its potential cascading ecological effects.  41 
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Main 42 

The timing of events during the life cycle of an organism (e.g., maturation, reproduction, and 43 

dispersal) is fundamental to its persistence8. Species phenologies are key to the maintenance of 44 

entire communities9 and their ecosystem services10. Important phenological shifts, however, 45 

have been reported worldwide in recent decades11. For example, global warming has advanced 46 

the date of laying of great tits (Parus major) by more than two weeks in the last six decades12, 47 

and the start of the growing season on the Qinghai-Tibetan Plateau has advanced by nearly 10 48 

days in the last two decades13. 49 

Phenological shifts due to climate change are thought to optimise species fitness, or at least to 50 

reduce the negative impacts of a changing environment14. Not all phenological shifts, however, 51 

are equal, nor do they have the same consequences. The direction and intensity of phenological 52 

shifts vary considerably across taxa15, locations16, and environments17. Importantly, species 53 

within a community can have different phenological shifts in response to the same climatic 54 

driver, thereby disrupting food webs18. Climate change consequently has the potential to 55 

impede the temporal and spatial synchrony of biological interactions, ultimately leading to 56 

trophic collapse19. 57 

The phenological synchrony between vegetation and insects at a given location ensures the 58 

match between the supply and demand of resources. This temporal match is crucial to maintain 59 

the flow of energy in food chains, which ultimately support viable populations and 60 

biodiversity20. Insect feeding is tightly linked to specific stages of vegetation development 61 

because this relationship ensures that insects obtain the required resources21. Phenological 62 

asynchrony emerges when the phenologies of co-existing vegetation and insects shift at 63 

different rates and/or in different directions22. The ecological consequences of this 64 

phenomenon can be devastating, including mismatches in food-pollinator interactions23 or the 65 
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decline in insect biodiversity24,25. Indeed, 17-50% of pollinators are projected to experience 66 

interruptions in food supply due to phenological mismatches under the on-going gradual 67 

warming26. Eighty-four percent of crops cultivated in Europe directly depend on insect-68 

mediated pollination for their yield27, so a potential mismatch between the phenologies of 69 

vegetation and insects poses an important threat to the stability of both ecosystems and 70 

livelihoods. 71 

The impacts of climate change on the synchrony of vegetation and insect phenologies have 72 

been debated for decades. Some studies suggest that climate change has negative impacts on 73 

the synchrony of vegetation and insect phenologies28,29, but others propose that some species 74 

may adapt to climate change and maintain the temporal synchrony of their biological events21,30. 75 

Approaches to examine this mismatch have predominantly used manipulative experiments and 76 

ground-based observations31,32. However, we still lack a generalized view about how climate 77 

change affects phenological synchrony across large scales and diverse taxa, because findings 78 

remain specific to species, geography, and experiment33. Remote-sensing studies have verified 79 

the widespread advance of vegetation phenology in spring and its delay in autumn in recent 80 

decades34. The main controversy is about insect phenology, which is characterized by greater 81 

complexity and dynamism than vegetation phenology. This complexity challenges our efforts 82 

to monitor insect phenology. Fortunately, data from citizen scientists provide a valuable 83 

resource for the extensive, long-term, and multispecies insect monitoring35. Integrating data 84 

from multiple sources can finally allow a comprehensive assessment of the synchrony between 85 

vegetation and insect phenologies. 86 

Here, we investigate the trends and driving factors of phenological (a)synchronies between 87 

vegetation and insects across Europe from 1982 to 2015, supported by high-resolution remotely 88 

sensed data and citizen science. Specifically, (1) we quantify the rate and direction of shifts in 89 
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vegetation phenology, insect phenology, and their differences (vegetation-insect phenological 90 

difference, VID) at both continental and regional scales across Europe. We test four hypotheses 91 

about the trends of changes in VID (Figure 1). (2) We next evaluate whether the rate and 92 

direction of changes in VID differs amongst insect orders (Hemiptera, Hymenoptera, 93 

Coleoptera, and Lepidoptera) and life-cycle voltinism (i.e., number of generations produced 94 

per year), and how these differences manifest themselves across latitudinal gradients. Finally, 95 

(3) we analyze the differences in the sensitivity of vegetation and insect phenologies to changes 96 

in environmental factors. We identify the likely environmental factors driving the asynchrony 97 

in VID by combining these analyses with the trends of climate change. 98 

99 

Figure 1. We test four hypotheses regarding how climate change may have shaped vegetation-100 

insect phenological differences (VID) across Europe in recent decades. H1 - stable phenology: 101 

the rate of advance (Rveg and Rins) does not differ significantly between vegetation phenology 102 

(leaf-unfolding date, LUD) and insect phenology (insect occurrence date, IOD), so the change 103 

between the initial state VIDTi (grey tree and grey butterfly) and VIDTi (coloured tree and 104 

butterfly) would not be large. H2 - synchronising phenology: the peak of the phenology of 105 

insects starts after the peak of the phenology of vegetation, but both synchronise so that VIDTi+1 106 
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< VIDTi, because Rveg < Rins. H3 - asynchronising phenology: VIDTi+1 is larger than VIDTi , 107 

with two potential scenarios: ① Rveg > Rins1, and ② Rveg < Rins2. H4 - mixed phenology: the 108 

spatial trends of VID differs latitudinally due to the spatial heterogeneity of climate change. 109 

For example, location L1 and location L2 would initially have the same VID at time Ti, but 110 

VIDL1 and VIDL2 would differ significantly at time Ti+1. Both LUD and IOD advance as climate 111 

change progresses. The background colour in panel H4 represents the spatial heterogeneity of 112 

the climatic factors.   113 
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Phenological asynchrony between vegetation and insects has intensified 114 

To establish trends and identify putative mechanisms in the phenological (a)synchronisation 115 

between vegetation and insects in Europe, we acquired 34 years of insect occurrence date (IOD) 116 

data for 1,584 species of herbivorous insects, observed by citizen scientists, and extracted the 117 

leaf-unfolding date of vegetation (LUD) at the corresponding spatiotemporal locations using 118 

remote sensing data (Figure S1). Using a quantile-regression model, we found that vegetation 119 

phenology LUD in Europe advanced by 12 days during 1982-2015 (-0.37 d/y ± 0.006 S.E.; 120 

Table S1), consistent with the estimate of vegetation phenology in spring in northern Europe36. 121 

In contrast, while insect phenology IOD also significantly advanced during the same period, it 122 

did so at a pace four-fold slower (-0.09 d/y ± 0.007) than the vegetation (Wilcoxon V = 199622, 123 

P<0.001) (Figure 2c). This lag in the advance of insect phenology relative to vegetation 124 

suggests a potential decoupling in trophic interactions37. Of the 1,807 insect phenological 125 

patterns, 79.6% had an increase in VID (with 61.2% being significant, P<0.05), only 20.4% 126 

exhibited a decrease in VID (with 7.4% significant, P<0.05), indicating an exacerbation of 127 

phenological asynchrony (H3 scenario ① in Figure 1) at a rate of nearly three days per decade 128 

(0.28 d/y ± 0.009; Figure 2d).  129 

The regional rate of change in VID differed significantly between low latitudes (L1: ≤55°N) (-130 

0.02 d/y ± 0.004) and high latitudes (L2: >55°N) (0.38 d/y ± 0.007) (Wilcoxon W = 1191, 131 

P<0.001) (Figure 2a, b, Table S2). The expected increase in VID was 0.03 d/y ± 0.001 for each 132 

degree increase in latitude. This pattern was attributed to the increased difference in the rates 133 

(R) of change of LUD and IOD between the high latitudes (RLUD = -0.42 d/y ± 0.005, RIOD = 134 

0.02 d/y ± 0.003) and low latitudes (RLUD = -0.19 d/y ± 0.005, RIOD = -0.16 d/y ± 0.004). Our 135 

analysis also found that VID intensified phenological asynchrony along the latitudinal gradient, 136 

consistent with previous observations5,17, as illustrated in panel H4 in Figure 1. 137 
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138 

Figure 2. Synchronisation changes between the European leaf-unfolding date (LUD) of 139 

vegetation and the insect occurrence date (IOD) (1982-2015). (a) Spatial distribution of the rate 140 

of the shift in the vegetation-insect phenological difference (VID) at the regional scale using 141 

the moving window algorithm, with green and blue corresponding to synchronous and 142 

asynchronous matches in phenology, respectively. (b) Regional trends of LUD (green), IOD 143 

(blue), and VID (orange) with phenological shifts as a function of latitude. IOD shifts from 144 

advanced to slightly delayed, and LUD trends to increasingly advance as latitude increases. (c) 145 

Continental trends of phenological shifts in LUD and IOD, indicating how the phenology of 146 

vegetation advances more rapidly than the phenology of insects; ***, P<0.001, by a Wilcoxon 147 

signed-rank test. (d) The continental trend indicates that the VID of more species patterns is 148 

becoming asynchronous, where blue and orange indicate significant asynchronicity (VID+) 149 

and synchronicity (VID−), respectively, with white indicating no significant change. The red 150 

dashed vertical line represents the mean rate of shift in VID. 151 

Rate of shift in the vegetation-insects phenological difference varies with taxonomic order 152 

and degree of voltinism 153 

The shifts in VID across Europe in the last three decades indicated a strong specificity of insect 154 

order (Kruskal-Wallis 𝝌𝟐(3)	=158.26, P<0.001) (Figure 3a, Table S3). For example, the rate 155 

.CC-BY-NC-ND 4.0 International licenseperpetuity. It is made available under a
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted December 12, 2023. ; https://doi.org/10.1101/2023.12.11.571152doi: bioRxiv preprint 

C. Other works 257



of shift of VID during the study period was fastest for Lepidoptera (e.g., butterflies and moths), 156 

at 0.34 d/y ± 0.01. This order was followed by Hemiptera (true bugs), with a shift in VID of 157 

0.16 d/y ± 0.05, and by Hymenoptera (e.g., bees), with a shift of 0.15 d/y ± 0.04. In contrast, 158 

the rate of shift was slower for Coleoptera (beetles), at only 0.04 d/y ± 0.03. These findings 159 

suggested that Coleoptera adjusted their IOD (RIOD = -0.27 d/y ± 0.02) most rapidly to match 160 

the changes in vegetation phenology, leading to fewer phenological patterns with significant 161 

VID shifts (27.72% P<0.05). Conversely, the phenology of Lepidoptera, with a slower rate of 162 

adaptation (RIOD = -0.04 d/y ± 0.01), increasingly differed from vegetation phenology (78.23% 163 

P<0.05), consistent with recent findings for the mean changes in flight day amongst insect 164 

orders in Europe6. 165 

Further analyses identified significant differences in the rate of variation of VID for each insect 166 

order along the latitudinal gradient (L1 low and L2 high) (Figure 3c), thus supporting the mixed 167 

phenology hypothesis (Figure 1, H4). Differences in the rates of phenological change along the 168 

latitudinal gradient were nonetheless significant only between Lepidoptera and Coleoptera 169 

(Wilcoxon W = 76233, P=0.025) (Table S3). Specifically, Lepidoptera had a mean difference 170 

in rate of VID variation between low (L1) and high (L2) latitudes of 0.49 d/y ± 0.01, 171 

significantly higher than the difference for Coleoptera (0.38 d/y ± 0.05). This finding suggests 172 

that Coleoptera may adapt faster than Lepidoptera to environmental changes along latitudinal 173 

gradients, consistent with estimates for Danish beetles and butterflies38. 174 

Life-cycle voltinism was a key moderator of how insect phenology responded to climate 175 

change (Figure 3b, Table S4). Indeed, VID changed faster in univoltine (1 generation/yr) than 176 

multivoltine insects (>1 generation/yr; univoltine generation Ru = 0.29 ± 0.01, first generation 177 

Rm1 = 0.19 ± 0.03; Wilcoxon W = 229365, P<0.001). This pattern is consistent with the findings 178 

of the phenological analysis of 130 lepidopteran species (including 39 multivoltine species) in 179 
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the UK3, in that univoltine insects in our study advanced their phenologies less (-0.09 d/y ± 180 

0.01) than did the first generation of multivoltine insects (-0.15 d/y ± 0.02). This finding 181 

suggests that multivoltine insects may adapt more quickly than univoltine insects to climate 182 

change, possibly because more generations have more chances to adjust their life history 183 

strategies39. Of the 223 species of multivoltine insects in our data set with sufficient records 184 

(>400 records for each generation), 70.4% had lower rates of shifts in VID for the first voltine 185 

pattern compared to the second (second generation Rm2 = 0.38 ± 0.03, Wilcoxon V = 5977, 186 

P<0.001). 187 

 188 

Figure 3. Shift in vegetation-insect phenological difference (VID) across insect orders and 189 

levels of life-cycle voltinism (i.e., number of generations/year), with beetles and multivoltine 190 

first-generation insects being more capable of tracking shifts in vegetation phenology. (a) 191 

Probability density curves of VID shifts across four insect orders. (b) VID shifts in univoltine 192 

insects (Ru) and multivoltine insects (first generation (Rm1), second generation (Rm2)). The 193 

colours represent the density of data, with yellow and blue indicating high and low densities, 194 

respectively. (c) Differences in VID shifts along a latitudinal gradient in Europe for the four 195 
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insect orders, distinguishing between low (green: L1≤ 55°N) and high (orange: L2 > 55°N) 196 

latitudes. ***, P<0.001 by a Wilcoxon signed-rank test. 197 

Vegetation phenology is more sensitive than insect phenology to climate 198 

The variation in VID could be attributed to the different directions and magnitudes of responses 199 

of vegetation and insect phenologies to the same environmental factors. We used statistical 200 

methods including partial correlation analysis, ridge regressions, and random forests (See 201 

Methods), to identify the likely environmental drivers of the phenological mismatch. The 202 

results of these analyses indicate that the average absolute sensitivity (|PC|, the partial 203 

correlation coefficient, and |RC|, the ridge regression coefficient) to environmental factors was 204 

generally higher for LUD than IOD, with six of the eight environmental factors differing highly 205 

significantly (P<0.001) (Figure 4a, b). This finding is consistent with long-term phenological 206 

studies in the northern Eurasian continent18, suggesting that the vegetation, as primary 207 

producers, was more adjustable than insects to environmental conditions. We obtained 208 

consistent outcomes for both PC and RC (Spearman ρ>0.73, P<0.001): VID tended to 209 

synchronize (PCLUD-IOD and RCLUD-IOD >0) with each unit increase in monthly 210 

evapotranspiration (ET), precipitation (PRE), wind speed (WIND), and soil-moisture content 211 

(SM). Conversely, VID shifted towards asynchrony (PCLUD-IOD and RCLUD-IOD < 0) (Figure 4c) 212 

for each unit increase in monthly soil humidity (HU), solar radiation (RAD), air temperature 213 

(TEM), and soil temperature (ST). The analysis of the trends of environmental factors over 34 214 

years (Figure S2) found that the overall increases in RAD, TEM, and ST, and the decreases in 215 

ET and WIND likely led to the intensification of the asynchronous VID in Europe. The thermal 216 

indicators (TEM and ST) had the largest average impact on LUD (FIST = 0.16 ± 0.002, FITEM = 217 

0.16 ± 0.002) and IOD (FIST = 0.13 ± 0.001, FITEM = 0.15 ± 0.001) (Figure 4c). These findings 218 
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are in agreement with recent research elucidating the key influence of temperature on 219 

vegetation and insect phenologies16,40.  220 

At the regional scale, the spatial differences of sensitivity of LUD and IOD to environmental 221 

factors, and trends of changes in environmental factors, collectively lead to an asynchronous 222 

intensification of VID along the latitudinal gradient. A total of 69% of VID values across 223 

Europe indicated a trend towards asynchrony (RVID > 0; VID+), whereas only 31% showed a 224 

trend towards synchrony (RVID < 0; VID−; Figure 2a). Further analyses identified a significant 225 

difference (P<0.05) in RCLUD-IOD between the VID+ and VID− regions (Figure S3). An analysis 226 

of the annual effect of environmental factors found that the increases in ST and HU, and the 227 

decrease in WIND, led to a stronger phenological asynchrony in the VID+ regions compared 228 

to the VID− regions (Figures 4e-g; S4). The environmental sensitivities of LUD and IOD 229 

generally varied significantly along the latitudinal gradient (Figure S5), representing the 230 

differences in environmental adaptability between populations at high and low latitudes41. 231 
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232 

Figure 4. The asynchrony of the vegetation-insect phenological difference (VID) across 233 

Europe we report here has been primarily driven by the sensitivities of the leaf-unfolding date 234 

(LUD) and the insect occurrence date (IOD) to environmental factors. (a and b) LUD has a 235 

higher absolute sensitivity than IOD to environmental factors. (a) The partial correlation 236 

coefficient (PC) (only PC with P<0.05 were retained). (b) The ridge regression (Ridge-R) 237 

coefficients (RC); green refers to LUD, whereas orange refers to IOD. ***, P<0.001; **, 238 

0.001≤P<0.01; *, 0.01≤P<0.05 by a Wilcoxon signed-rank test. (c) VID tends to synchronise 239 

with each unit increase in monthly evapotranspiration (ET), precipitation (PRE), average wind 240 

speed (WIND), and soil-moisture content (SM). VID shifts towards asynchrony for each unit 241 

increase in monthly relative humidity (HU), solar radiation (RAD), average temperature (TEM), 242 

and soil temperature (ST). Error bars represent ± S.E.; blue indicates VID tending towards 243 

synchrony (VID−: PCLUD-IOD and RCLUD-IOD >0), and red indicates VID tending towards 244 
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asynchrony (VID+: PCLUD-IOD and RCLUD-IOD <0). (d) The thermal indicators (TEM and ST) 245 

are most important for LUD and IOD. Random forest (RF) feature importance, indicating the 246 

relative importance of each factor for LUD and IOD, with a collective sum of 1; error bars 247 

represent ± S.D. (e-g) WIND, HU, and ST are key drivers of the significantly greater 248 

phenological asynchrony in the VID+ than the VID− regions. The annual effect (AE) estimates 249 

the yearly impact of the environmental factors on VID, calculated as RCLUD-IOD × RENV (annual 250 

rate of change of the environmental factors; Figure S4).  251 
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3. Discussion 252 

The extent and direction of changes in phenological synchrony are the outcome of intricate 253 

interactions between the life history strategies of plants and insects, their physiological 254 

characteristics, and external environmental stressors30,37,42. Here, we examined shifts in the 255 

phenology of 1,584 herbivorous insect species and the corresponding vegetation phenologies 256 

across Europe between 1982 and 2015, and found that the phenological synchrony between 257 

European vegetation and insects has gradually become more misaligned. This pattern was 258 

mostly attributed to more pronounced phenological advances for vegetation than insects, so 259 

maintaining the historical synchrony between insect and vegetation phenologies is likely to 260 

prove challenging going forward37. Notably, we found strong taxa- and life-cycle-specific 261 

effects on phenological shifts that are also in agreement with a study conducted in Ireland43. 262 

Finally, we found that the phenological mismatch across Europe was mostly due to increases 263 

in monthly radiation and air and soil temperatures, and decreases in evapotranspiration and 264 

wind speed. 265 

One of the pivotal causes of the progressive misalignment between vegetation and insect 266 

phenologies was their different responses to external environmental conditions. Our study 267 

found that this asynchrony was not uniformly distributed but had distinct geographical patterns. 268 

Areas at higher latitudes have experienced a more pronounced decoupling of vegetation-insect 269 

phenological synchrony in recent decades. We found that this phenological asynchrony was 270 

not only associated with the pace and magnitude of climate change in these regions, but was 271 

also associated with the spatial variations in the sensitivities of vegetation and insect 272 

phenologies to different climatic factors, a finding in agreement with other reports in other 273 

regions across the world15,44. European vegetation has generally become more sensitive to 274 

environmental fluctuations compared to insects in the last 34 years. The phenological mismatch 275 
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between vegetation and insects may continue to worsen over time, because climatic predictions 276 

project a future scenario of continued increases in global temperatures. Multispatial and 277 

temporal-scale analyses, such as ours, are imperative for understanding and forecasting this 278 

phenomenon due to the disparities across geographical regions and biological taxa45. 279 

Open-access data sets containing data from the long-term monitoring of vegetation and insect 280 

phenologies have fortunately become more available. Such integrated data will aid in 281 

deepening our understanding of the interactive dynamics between vegetation and insects under 282 

climate change46. Approaching the analytical outcomes of these data sets with caution, however, 283 

is crucial due to inevitable taxonomic and biogeographical sampling biases47. 284 

The phenological misalignment between vegetation and insects could have profound 285 

implications for food webs, ecosystem functions, and ecosystem services9. Vegetation-insect 286 

asynchrony may potentially strongly affect population structure, adaptability, and species 287 

niches25,49,50. We must identify the potential physiological and ecological mechanisms 288 

underlying the different phenological responses of vegetation and insects to enhance our ability 289 

to predict and mitigate the impacts of phenological asynchrony45. Future research should focus 290 

on the complex interactions within interspecific phenological networks and the potential 291 

impacts of both biotic and abiotic factors on phenological changes24,51. It should also pay close 292 

attention to high-latitude areas, where phenological changes are more pronounced22, as we 293 

found, which will aid in deepening our understanding of the unique patterns and consequences 294 

of phenological asynchrony in regions experiencing intensified climate change. These large-295 

scale, integrative approaches will provide a robust scientific basis for ecological conservation, 296 

the management of resources, and the development of policies. 297 
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Methods 298 

Satellite-derived data for spring vegetation phenology. The satellite-derived leaf unfolding 299 

date (LUD) was determined using the Normalized Difference Vegetation Index (NDVI). We 300 

thus accessed the GIMMS NDVI3g data set (http://poles.tpdc.ac.cn/en/data/), a product derived 301 

from the Advanced Very High-Resolution Radiometer (AVHRR)52. This data set has a 302 

temporal resolution of 15 days and a spatial resolution of 8 km2. We focused on pixels of 303 

vegetation in the temperate terrestrial ecosystems of Northern Hemisphere (>30°N) for 1982-304 

2015, where the dynamics of vegetation phenology were strongly seasonal. We excluded pixels 305 

with an annual mean NDVI < 0.1 to reduce the effect of sparse vegetation53. We identified 306 

pixels with a continuous daily average temperature <0 °C for at least five days as the snow-307 

contaminated phase and replaced them with the NDVI of the nearest snow-free date54 to 308 

minimise the impact of snow. We then smoothed the curves of daily NDVI time series using 309 

the Savitzky-Golay method55 to reduce the effect of noise from atmospheric disturbance. 310 

Finally, we extracted the average LUD using three methods to ensure the robustness of the 311 

results: (1) the dynamic-threshold method56, (2) the piecewise logistic function method57, and 312 

(3) the modified double-logistic function method58 (see details below).  313 

The dynamic threshold method determines the threshold of LUD using the proportion of the 314 

smoothed NDVI annual time series as: 315 

 

where  is the NDVI on the i-th day of a year (DOY),  and  are the 316 

annual peak and minimum NDVI values, respectively, and LUD is the date whenspring 317 

 first increases to 0.5. 318 
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The piecewise-logistic function method divides the smoothed curve of the NDVI time series 319 

into two periods, before and after the annual peak ( ). This method then fits the daily curve 320 

using the piecewise logistic function: 321 

 

where  and  are fitting parameters, with  as the initial rate of increase in NDVI and  as 322 

the rate of change of NDVI with time,  is the amplitude of the change of NDVI change (i.e., 323 

the difference between the peak and background values), and  is the NDVI background value. 324 

Finally, the modified double-logistic function method fits a smoothed curves of the NDVI time 325 

series using a double-logistic function: 326 

 

where  is the background NDVI,  is the difference between the summer peak NDVI and 327 

the spring minimum NDVI, and  is the difference between the summer peak NDVI and the 328 

autumnal minimum NDVI.  and  are the curvatures of the ascending and descending 329 

phases, respectively, and  and  are the average DOYs of vegetation greening and 330 

senescence, respectively. 331 

Records of occurrence of herbivorous insects across Europe. We used records of the 332 

occurrence of herbivorous insects from crowdsourced data sets to calculate insect phenology 333 

due to the limitations of precise spatial and temporal coverage and species representation of 334 

phenological records for herbivorous insects. We searched the Global Biodiversity Information 335 

Facility (GBIF, https://www.gbif.org/) for all occurrences of species of four insect orders 336 
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(Hemiptera, Hymenoptera, Coleoptera, and Lepidoptera) across Europe (Lon -11° to 35°, Lat 337 

34° to 71°) for 1982-2015. This search found a total of 2,937 insect species. We next excluded 338 

insects that primarily depended on predation, parasitism, or saprophagy during any stage of 339 

their life cycles. We also removed duplicate entries and records with inaccurate coordinates 340 

(uncertainty > 1 km2). The final database retained ≥8 million observations. 341 

Classification of insect phenological patterns. We classified the complex life histories of 342 

insects based on their degree of voltinism (i.e., the number of generations in one year). 343 

Variation in voltinism in insects can thus produce either unimodal or multimodal phenological 344 

patterns and is linked to important ecological processes such as population dynamics and 345 

community interactions59. The timing and peak period of occurrence of insect larvae and their 346 

adults may differ considerably60. These different developmental stages have distinct nutritional 347 

requirements and ecological effects, e.g. the herbivory of larvae and the pollinating behaviour 348 

of adults61,62. We removed records of occurrence with life-stage labels of egg, larval, or pupal 349 

stages (<1%) from our data set due to the lack of data to support modelling. We thus focused 350 

our modelling only on the mean date of occurrence of adults. 351 

We calculated the probability density of species records for each DOY (Day of the year) to 352 

obtain the annual fluctuations of insect population and subsequently smoothed the probability-353 

density curve using Gaussian filters63 and Savitzky-Golay filters to reduce noise. We next used 354 

the find_peaks function from the “scipy” Python package to determine whether a species had 355 

multimodal phenology (i.e., more than one population peak). We then refined the phenological 356 

patterns following a thorough comparison with both scientific and grey literature6. We found 357 

that 295 species had multimodal patterns of distribution (Figure S6). We also used the K-Means 358 

algorithm to classify the records of the occurrences of these species: 359 
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where  is the number of phenological patterns (number of clusters),  is the mean date 360 

of the occurrence of insects for phenological pattern , and  is the squared 361 

Euclidean distance between each insect occurrence date ( ) and the mean observed date 362 

( ) of each group of phenological patterns. The K-Means algorithm was thus used to find 363 

the optimal phenological classification that minimises the mean squared error (MSE) of the 364 

objective function 64. We calculated k-means for  to the maximum number of 365 

peaks to determine the optimal number of patterns. We recorded the silhouette coefficient 366 

(SC)65 for each . The number of clusters with the maximum SC was considered as the best 367 

number of patterns . We removed outliers with residuals >3 S.D. during the clustering and 368 

removed phenological patterns with fewer than 400 records due to the uncertainty of the 369 

crowdsourced data in our data set. Finally, we identified 1,807 phenological patterns 370 

encompassing a total of 1,584 species (Figure S1). 371 

Spatiotemporal differences in the analysis of vegetation-insect phenology. We evaluated 372 

the overall trend of variation in vegetation phenology, insect phenology, and their differences 373 

(VID) over time and geographical locations. We applied a quantile-regression model to each 374 

of the 1,807 phenological patterns to ensure the robustness of our estimation results: 375 

 

where,  is the  quantile, with  set as the median.  is the response variable 376 

corresponding to observation record  (leaf unfolding date, ; insects occurrence date, 377 

; or vegetation-insect difference, ). In this equation  is the intercept, and  , , 378 
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 and  are the coefficients for the year, latitude (Lat), longitude (Lon), and interaction term, 379 

respectively. We defined the rate of change of  relative to the predictor variables as the 380 

absolute value of ; this rate of change was positive when the absolute value of the response 381 

variable increased between 1980 and 2015 and negative when it decreased. 382 

We divided the phenological patterns into areas at high (>55°N) and low (≤55°N) latitudes for 383 

separate quantile-regression models. We calculated the trends of the four insect orders 384 

separately to avoid the dominance of Lepidoptera species (>70%) and to determine whether 385 

the changes in VID had significant geographical patterns, while also considering the limitations 386 

of spatial data. We also conducted spatial statistics to obtain local trends. We thus divided 387 

Europe into 5×5° geographical grids based on a grid analysis and used a moving-window 388 

algorithm6,41. Briefly, the algorithm moved by 1-4° in longitude or latitude, and the quantile-389 

regression models of the phenological patterns for LUD, IOD, and VID were constructed grid-390 

by-grid. We then averaged the results for the rate of change based on the 1×1° grid unit to 391 

minimise the variations in sampling public data across regions. We only retained the results 392 

from a single geographical grid that had at least 10 insect species, and each phenological pattern 393 

had a record of no less than 10 years66, to ensure the reliability and representativeness of the 394 

data. 395 

Analysis of the impact of environmental factors on vegetation and insect phenologies 396 

Data acquisition. We incorporated two comprehensive data sets to obtain long-term 397 

environmental data from 1982 to 2015 across Europe for elucidating the influence of 398 

environmental factors on the vegetation and insect phenologies (Table S5).  399 

The E-OBS data set, a daily gridded data set of terrestrial observations for Europe, is based on 400 

the network of stations of the European Climate Assessment & Dataset (ECA&D) project67. 401 
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This data set aggregates many types of data directly from the European National 402 

Meteorological and Hydrological Services. Its comprehensive nature makes it an indispensable 403 

data set for monitoring the climate across Europe68. We obtained meteorological data from the 404 

E-OBS 27.0e data set (accessible at https://www.ecad.eu/download/ensembles/download.php) 405 

on average air temperature (TEM), precipitation (PRE), average wind speed (WIND), average 406 

relative humidity (HU), and global solar radiation (RAD). These data, with a spatial resolution 407 

of 0.1×0.1°, were further processed to deduce monthly averages. 408 

We incorporated soil parameters into our assessment in recognition of the pivotal interplay 409 

between soil and both vegetation growth and insect activity, most notably in the realms of 410 

nutrient cycling and habitat provisioning69, using the ECMWF Reanalysis v5 (ERA5)-Land 411 

reanalysis data set70. ERA5, unlike its predecessor, offers a consistent portrayal of the evolution 412 

of terrestrial variables over several decades, but at a heightened resolution. Specifically, we 413 

extracted data from the monthly ERA5-Land data set (accessible at 414 

https://cds.climate.copernicus.eu/#!/home) on soil temperature (ST) and soil-moisture content 415 

(SM). We also obtained evapotranspiration (ET) metrics from the data set, where negative 416 

values indicate evaporation and positive values indicate condensation, due to the integral role 417 

of transpiration in maintaining vegetation health and its consequential potential microclimatic 418 

impacts on insect populations71. 419 

Analytical strategy. We used a partial correlation analysis72 to separately identify the effects 420 

of the environmental factors on the vegetation and insect phenologies for understanding the 421 

underlying causes of changes in VID (TEM, PRE, WIND, HU, RAD, SM, ST, and ET in Figure 422 

4). Environmental factors usually affect biological phenology in the months before its onset. 423 

Considering the variation in the times of insect observation, the environmental factors were 424 

detrended and standardized using linear regression to remove the multiyear trend73. The 425 
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optimal preseason length was defined as the period during which phenology (IOD or LUD) and 426 

the environmental factors had the highest absolute correlation for each species, with the search 427 

extending up to six months before the average time of the phenology4. We then conducted a 428 

partial correlation analysis using the "pingouin" Python package, calculating the partial 429 

correlation coefficient (PC) and significance for each environmental factor with phenology, 430 

while controlling for other variables. 431 

We used ridge regression (Ridge-R)75 and the random-forest method (RF)76 from the "sklearn" 432 

Python package to assess the contribution of the environmental factors to the shift in VID, 433 

minimising the influence of collinearity. Phenology (IOD or LUD) was the response variable, 434 

with environmental factors with optimal preseason times as the predictive variables. The 435 

regression coefficient (RC) in Ridge-R was used to assess environmental sensitivity, 436 

representing the number of days the phenology advanced or delayed per unit standardised 437 

change in the environmental factor. The feature importance in the RF method was evaluated 438 

by measuring the decrease in impurity (MSE) each time a feature was split75. We similarly used 439 

the moving-window algorithm to conduct the three methods at the regional scale to understand 440 

the spatial patterns of the impacts of the environmental factors on the variation of VID.  441 
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Abstract10

A fundamental goal of Ecology is to predict how natural populations respond to disturbances.11

Accordingly, the last decades have witnessed key theoretical developments in stochastic demogra-12

phy and transient dynamics. However, both areas, have to date been largely disconnected. Here,13

we introduce an expression for the second derivatives of population growth rate with respect to14

demographic rates (e.g. survival-dependent state transitions and reproduction) with direct links15

to transient dynamics. We use this connection to develop a new mathematical framework showing16

how transient responses to pulse disturbances lead to a quantitative description of press distur-17

bances. Second-derivatives of population growth rate with respect to said demographic rates are18

valuable as they quantify the degree of nonlinear selection acting on demographic rates and how19

environments shape the long-term performance of populations. Whilst valuable, previous methods20

to quantify second-order derivatives have heavily relied on vector calculus- potentially obscuring21

important demographic processes connected to second-order derivatives. Here we offer an intuitive22

method using perturbation theory and our approach is valid for any discrete-time, st(age)-based23

structured population model. Importantly, our new method implicates an intimate relationship24

between the nonlinear selection pressures acting on demographic rates with the emergent tran-25

sient dynamics of populations over time. We showcase these relationships through mathematical26

proofs, connecting to Cohen’s cumulative distance, and identifying a strong relationship between27

generation time across 439 unique plant and animal species (2690 population models). As such,28

this new method represents a valuable tool for population ecologists, comparative demographers,29

and conservation biologists to understand and protect structured populations in a changing world.30
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Introduction31

The transient dynamics of structured systems (e.g., populations, communities) are the system’s re-32

sponses following a pulse disturbance (Yang et al. 2008; Jentsch and White 2019). A pulse disturbance33

(such as an acute epidemic, fast invasion, or extreme, short weather event like a fire or hurricane) may34

perturb the system away from its stable state if it fails to resist the disturbance. As such transients are35

the dynamics that occur as the system returns back to the previous -or new- stable state (White et al.36

2013; Tao et al. 2021). In contrast a press disturbance is a persistent change (e.g. global warming, river37

pollution) that alters the stable state itself in a more gradual manner (Donohue et al. 2016; Inamine38

et al. 2022). Though much attention has been paid both theoretically (Yang et al. 2008; Hastings39

2001) and experimentally (Amor et al. 2020) to understand the responses of natural systems to pulse40

disturbances, not much theory or actual experimentation exists for their cousins: press disturbances41

(Inamine et al. 2022). Stage-structure population models represent a unique opportunity to marry42

both due to their temporal nature. These models treat time as a discrete entity, as the system is43

tracked every time unit, rather than continuously. As such, from the perspective of stage-structured44

models, a press disturbance can be viewed simply as a continuing series of pulses. Here, we focus on45

the consequences of that equivalence for natural populations by developing and applying new theory46

that explicitly links transient and stochastic population dynamics.47

Here, we focus on populations structured by discrete stages (e.g., age, size) and examined on48

discrete time: matrix population models (MPMs; (Caswell 2001b)). Under stationarity conditions, the49

population whose dynamics is described by a given MPM is at equilibrium, whereby the distribution50

of individuals in each of the states is defined by the stable structure distribution (hereafter SSD), a51

vector u0 and whose dynamics are guided by an exponential, fixed rate of growth, the population52

growth rate λ0. A pulse disturbance that results in the deviation of the population vector from the53

SSD (e.g., trophy hunting targets preferentially large/adult individuals (Traill et al. 2014), drought54

affects primarily juveniles in plant populations (Refsland and Fraterrigo 2018) will result in a transient55

dynamic as the population structure returns to the original -or a new (Capdevila et al. 2020)- SSD, as56

shown in the left panel of Fig 1. The pulse (i.e., one-time) disturbance produces a change in population57

structure, and that change decays over time as the population structure returns to the SSD (indicated58

in the figure by vector u0).59

In contrast, the effect of a press (i.e., continued) disturbance can be thought of as the accumulation60

of the effect of repeated pulse disturbances, past and present, in a discrete time modelling framework.61

As illustrated in the right panel of Fig 1, the population structure reflects the current pulse disturbance,62

plus the decaying remnants of previous pulse disturbances. The cumulative result is to push population63

structure away from the original SSD to a new SSD (indicated in the figure by vector u′
0).64

We use this connection to develop a new mathematical framework showing how transient responses65

to pulse disturbances lead to a quantitative description of press disturbances. Press disturbances66

result in a linear change in the SSD but a nonlinear change in the population growth rate. Our67
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analysis focuses on small disturbances and yields new expressions for the first derivatives of the SSD68

and the second derivatives of population growth rate with respect to demographic rates.69

Some general insights into the nonlinearity of fitness have come from Cohen’s seminal work on70

matrices and matrix products (Cohen 1981; Cohen 1979a; Cohen 1979b; Cohen 1980) and have been71

used for instance by Drake (2005). Other insights are due to Caswell, who has long argued for the72

importance of second derivatives and developed methods for their computation (Caswell 1996, 2001b;73

Shyu and Caswell 2014), with more recent work by (McCarthy et al. 2008; Stott 2016). The most74

powerful computational method to date (Shyu and Caswell 2014) uses matrix-vector calculus and does75

not require non-dominant eigenvalues and eigenvectors, which are difficult to compute stably in general76

(Demmel 1986). Our approach is different from earlier work, both conceptually and mathematically.77

In the next section, we describe the (known) effects of pulse disturbances in terms of transient78

dynamics. We use these results to show how the effect of a press disturbance on the SSD is obtained79

by analyzing a continued series of pulses in a discrete-time modelling framework. The same approach80

yields the effect of a press disturbance on the stable reproductive value. We illustrate these changes81

for an a stage-structured matrix population model for Phaseolus lunatus (commonly, Lima bean)82

from the COMADRE database (Salguero-Gómez et al. 2015). In the subsequent section, we turn to83

fitness as the long-run growth rate. There, we describe how the linear effect of a press disturbance on84

growth rate, the well known sensitivity (i.e., first derivative), can be quantified. We use that simple85

approach to derive new expressions for the second derivatives of population growth rate. We illustrate86

these developments using MPM for Phaseolus lunatus. Then, we explain three useful aspects of the87

unexpected connection between the structure of transients and the nonlinearity of population-level88

fitness, thereby connecting our results to previous work by Cohen (1977) and more recently byJiang89

et al. (2022).90

We close with a discussion of the multiple implications of our analyses: the novelty of the intimate91

connection we reveal between nonlinearity of the population growth rate with the transient dynamic92

response to a pulse; the fundamental role of local convexity/concavity in thinking about constraints in93

life histories, and about stabilizing/disruptive selection; the relationship between these results and the94

norm of response of life history strategies to fluctuating environments and disturbance regimes; the95

relevance of our current approach and results to the analysis of stochastic matrix population models;96

the relationship between what we do here and second-order perturbation theory (Stott 2016); the many97

implications of the linkage between our conceptual approach and linear response theory. And finally,98

the uses of our approach in studying the effect of disturbances in other ecological settings.99
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Pulse Disturbances and Transients100

MPMs101

We use matrix population models (MPMs) for structured populations in discrete time and in a constant102

environment. In this setting, the population is represented by a vector n(t) at time t, and a population103

projection matrix B. The elements (bij) of said matrix represent the per-capita contributions of104

individuals in state j at t0 to the realization of individuals in state i at t1. These elements may105

incorporate one or more vital rates (e.g., fertility is often the product of survival and fecundity), are106

≥ 0 and so matrix B is non-negative; we assume that B is primitive (and so irreducible; i.e., the life107

cycle graph defined by B contains the necessary information to describe pathways from all stages to108

all other stages). Then, this matrix has a dominant eigenvalue λ0 with its corresponding right and left109

eigenvectors u0,v0 (Caswell 2001b). We normalize both vectors (i.e., multiply by a suitable constant)110

so that the scalar product is (v0,u0) = vT
0 u0 = 1. The superscript T indicates a transpose.111

The stable stage distribution (SSD) is the vector u0, and the stable reproductive value vector is112

v0. We put these vectors together in a matrix113

Q0 = u0 v
T
0 , (1)

Then the original population matrix can be written as a sum114

B = λ0 (Q0 +Q1), (2)

where Q1 =
1

λ0
(B− λ0 Q0) is just the difference. (3)

Starting with an initial population vector n(0) and following the population over time using the MPM115

yields the customary result (see Appendix 1 for details) that116

n(t)

λt
0

=
Bt

λt
0

n(0) =
(
Q0 +Qt

1

)
n(0)→ Q0 n(0) =

(
vT
0 n(0)

)
u0, (4)

so the population structure converges to the SSD and the growth rate does so to λ0.117

Effects of a Single Pulse Disturbance118

The result of a pulse disturbance acting on a stable population is to change the population structure119

from the SSD to a sum of the SSD plus an added vector u⊥ that is perpendicular to the SSD. That120

additional ‘perpendicularity’ is precisely what sets the population away from its stationary equilibrium.121

Thus, after a pulse disturbance, the population vector is proportional to122

u0 + u⊥.

4
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Over the next time interval, if we assume constant environments and lack of density dependence, the123

demographic processes defined by the original matrix B act on the population again (otherwise B will124

change, and with it a new SSD will emerge). The part of the population structure that is the SSD will125

not change, so only the second term above will differ. This u⊥ is not affected by Q0 (as may be seen126

from equation (3), also the Appendix A.1). The net result is that, under these conditions, the new127

population structure will be proportional to128

u0 +Q1 u⊥.

This change is illustrated by the left panel in Fig 2. As time proceeds, the perpendicular component129

of the SSD (u0) shrinks and the population eventually returns to the SSD u0 (as shown in figure 2).130

The changes in the population structure are simply the transients,131

u⊥,Q1 u⊥,Q
2
1 u⊥,Q

3
1 u⊥, . . .

and these eventually disappear as the population returns to the SSD. The convergence is illustrated132

by the bottom picture C in the left panel of Fig 2.133

Press Disturbance as the Accumulation of Pulse Disturbances134

Now let us turn to a press disturbance, in which the population matrix B is perturbed for all time,135

meaning that one or more demographic processes is permanently changed, so the MPM matrix B136

is changed to B + D where the change is D. For instance, if only one demographic process, say137

b23, changes, then d23 is the only nonzero element of matrix D. We visualize a one-off perturbation138

differently, as the same pulse disturbance at every time.139

The right panel of Fig 2 shows how the effect of this press disturbance can alternatively be seen140

as the effect of a continued series of pulses of the same intensity and effect. The immediate result of a141

small pulse at time t0 is that the population structure changes from the original SSD u0 (at time t0)142

to the sum u0 + z∗ in the next time step t1, where (as detailed in the Appendix) the change is143

z∗ = (I−Q0)
D

λ0
u0. (5)

Note that z∗ is perpendicular to the SSD. If the perturbed structure was parallel to the SSD, then the144

new structure would be a multiple of the SSD, and by definition -when normalised to add up to 1-145

would result in the very SSD vector. Over the subsequent time interval, from time t1 to time t2, this146

initial change is acted on by the population matrix and becomes147

Q1 1z
∗. (6)

However, at t2 there is also a new pulse, which produces a new change of size z∗. Noe that at t1 there148

5

(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprintthis version posted October 26, 2023. ; https://doi.org/10.1101/2023.10.20.563360doi: bioRxiv preprint 

C. Other works 283



is also a new pulse, which produces a new change of size z∗ at t2. So, as shown in the right panel of149

Fig 2, at time 2 the new population structure is the sum150

u0 + z∗ +Q1 z
∗.

Continuing in this way (as in Fig 2), the effect of a press disturbance is the continued sum of its effects151

through discrete time152

z∗ +Q1 z
∗ +Q2

1 z
∗ + . . . .

This overall effect can be summed as a geometric series, so the new SSD is153

u′
0 = u0 + (I−Q1)

−1 z∗. (7)

The process of convergence from the old to the new SSD is illustrated in the bottom right panel F of154

Fig 2).155

Effects of a Press via a New Matrix156

The preceding discussion about the effect of a press disturbance reveals the form of the resulting new157

SSD. Remember that the press changes the population matrix B to B +D, where the changes in all158

elements are small. We combine equation (5) and equation (7) in a particular way. First define the159

matrix160

J0 =
1

λ0
(I−Q1)

−1 (I−Q0). (8)

Then the new SSD produced by the press (as shown by (5 – 7)) is161

u0 + Z, where Z = J0 Du0. (9)

As shown more formally in the Appendix 2, equation (9) is correct only to first order, meaning that162

the change we have obtained is the linear change (equivalently, the first derivative) of the SSD.163

A precisely analogous argument can be made for the stable reproductive value. As a result of a164

small press disturbance, the stable reproductive value changes from v0 to165

v0 +Y, where YT = vT
0 DJ0. (10)

These changes in the SSD and stable reproductive value are key to the analyses below.166

Example: Pulse and Press Disturbance for Phaseolus lunatus MPM167

We use MPM for Phaseolus lunatus (COMPADRE database) to compare Pulse and Press disturbance168

as shown in Figure 3. For the pulse, we perturb Stage 1 of the SSD u0 and track the trajectory of169

the stage. As shown in top-left panel of Figure 3, after 10 time steps Stage 1 damps to the original170

6
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SSD u0 (dotted black line). Note that despite we only perturbed Stage 1, the transient effects can be171

observed in other stages as shown in the top-right panel of 3.172

For the Press disturbance, we perturb elements (1,5) and (6,5) of the original MPM (increase by173

80%). We again track the dynamics of Stage 1 of the original SSD (u0) and find Stage 1 converges to174

a new stable stage distribution, shown in dashed black line in the bottom-left panel of Figure 3.175

Nonlinearity in Fitness176

In our analyses of structured populations, the fitness of a life history is the long run growth rate λ0177

determined by the elements of matrix B. To quantify the contributions of elements of B on λ0, we178

can calculate the first-order impact (i.e., sensitivities) of population growth rate as a function of these179

matrix elements (λ0(bpq)). However, fitness can also vary as a function of pairs of matrix elements180

(λ0(bpq, bkl), where (p, q), (k, l) are row-column indices). Here, we explore nonlinearity in terms of the181

slope (first derivative) and curvature (second derivative) of these functions.182

In this section, we show analyzing derivatives is the same thing as analyzing the effect of a press183

disturbance. For example, say we want to analyze the functional dependence of varying the matrix184

element bpq on λ0(bpq). To do so, create a press disturbance that permanently changes only the pq185

element of the population projection matrix, with a new value say (bpq + d). In matrix terms, we186

change to a new population projection matrix (B+D) where only the (p, q) element of D is nonzero187

and equals d; all other elements of D equal zero. We provide an intuitive approach to evaluate the188

slope (first derivative) and the curvature (second derivative) of the function. Our work overcomes189

the limitation that responses of population dynamics to a change in vital rates are assumed linear190

(Hodgson and Townley 2004), but may not be as highlighted in Stott (2016).191

Simple Approach to Slope aka Sensitivity192

We begin with a simple method of finding the slope, the first derivative, of population growth rate193

with respect to pq, λ0(bpq), which is of course familiar as the sensitivity (Caswell 2001b),194

spq =
∂λ0

∂bpq
. (11)

We now describe a simple approach to compute the slopes. To explain, we start with a stationary195

stable population, in which the fraction of individuals in stage q is u0q, the qth component of the SSD.196

In the next time interval, these individuals may transition to new states or stay in the same state (or197

die). To each final living state p, the initial fraction in state q contributes the amount bpq u0q. We198

weight this contribution by the final state’s reproductive value v0p, and identify (v0p bpq u0q) as the199

weighted contribution of the p← q transition. The sum of these contributions over all initial and final200

states is λ0 (as it should).201

To apply the approach (discussed above) to a single element in the transition matrix, suppose that202

7
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we change the transition rate for the p← q transition from (bpq) to (bpq + d), by adding some small d.203

Then (following the logic of the previous paragraph) the change in stable growth rate is the product204

of three terms:205

a) the additional per-capita rate for that transition, i.e., d;206

b) the fraction of population that is subject to this change, i.e., u0q;207

c) the relative weight of ending in the final state q, i.e., v0p.208

The product is: d v0p u0q. Dividing this change by d, we conclude that the first derivative of population209

growth rate to a disturbance of the p← q transition is210

∂λ0

∂bpq
= v0p u0q = spq. (12)

So our simple method indeed yields the standard result (Caswell 2001b).211

Using the new approach: Second derivatives212

Just as press disturbances can impart small changes on individual, press disturbances can also shift213

co-varying vital rates (e.g., early-life vs. late-life reproduction). Interestingly, the disturbance of two214

vital rates can also be used to quantify the second derivatives of population growth rate. For ease of215

exposition, say we create a press disturbance and change the pq and kl matrix elements to bpq + d and216

bkl + f . We assume that d, f are small but we want to consider nonlinear changes, so we also include217

terms in d2, f d, f2.218

Fig 4 illustrates two distinct ways of carrying out the above press disturbance, which must lead to219

the same overall change in fitness.220

Say we use the first route, A to B and then B to D. In the change from A to B, our simple argument221

above shows that the change in fitness is the product222

f v0(k)u0(l). (13)

Now we want to make the change from B to D. But at B, equation (9) shows that (see Appendix for223

details) the SSD has already changed to (u0 + f Z1) with224

Z1 = u0l




J0,1k

J0,2k
...


 . (14)

Also at B, equation (10) shows that the stable reproductive value has also already changed to (v0 + f Y1)225

with226

YT
1 = v0k

(
J0,l1 J0,l2 . . .

)
. (15)

8
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Now we are ready to use our approach to say that in the transition B to D, the fitness changes by227

the product of228

a) the stable proportion in stage q, which equation (14) shows is (u0q + fZ1(q)),229

b) the change in the rate, d,230

c) the stable reproductive value in stage p, which equation (15) shows is (v0p + fY1(p)).231

The product of these terms (ignore terms higher than quadratic, see Figure 4 for more) has to be232

added to the change (equation (13)) to get the total change in growth rate A to B to D,233

f v0(k)u0(l) + d v0(p)u0(q) + f d (u0q Y1(p) + v0,pZ1(q)) . (16)

Using (14 – 15) the total change is the sum234

Linear change = f v0(k)u0(l) + d v0(p)u0(q),

+

Nonlinear change = f d (u0q v0k J0,lp + u0,l v0,p J0,qk) . (17)

We conclude that the nonlinearity is revealed by making two press disturbances. As shown in Fig 4,235

we could alternatively go from A to C and then C to D. That process involves distinct changes to the236

SSD and reproductive value. But we get the same final result as in equation (17). We can think about237

these changes in terms of the second derivatives of fitness (as explained further in the Appendix) to238

find239

∂2λ0

∂bpq∂bkl
= [spl J0,qk + skq J0,lp] , (18)

where we have used the sensitivities (equation (11)). Note that our expression for the second derivative240

is symmetric with respect to an exchange of the elements bpq, bkl (as it should be).241

The curvature of fitness as measured by the second derivatives in equation (18) depends on the242

matrix J0. Consequently any analysis of second derivatives will provide detailed information about243

J0. The next section describes the multiple connections between J0 and transient dynamics. A244

computationally useful version of (18) uses Kronecker products (see Appendix A.33). We provide a245

detailed example to calculate second-derivatives using our perturbation approach for Phaseolus lunatus246

in Appendix A.5 and Figure A.1. The matrix for second-derivatives is depicted in Figure A.2. We also247

compute the second derivatives to show that our method yields the same result as the one in Shyu and248

Caswell (2014) (see Appendix A.6).249

9
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Transients and Nonlinearity250

The previous section identifies the central role of the matrix J0 in defining the nonlinear response to a251

pulse disturbance and thus the second derivatives of fitness. Repeating the definition from equation (8),252

J0 =
1

λ0
(I−Q1)

−1 (I−Q0).

Since matrix Q1 shapes the transient dynamics after a pulse, those transient dynamics also shape J0.253

The connection revealed between transients and nonlinearity of the dominant eigenvalue is unexpected254

and intimate. In this section we further illuminate this connection by three new results connecting J0255

to transients.256

Matrix J0 and cumulative distance to stability257

An important metric to assess the difference between an observed stage distribution and the stable258

SSD is the cumulative distance to stability (Cohen 1979a). Several studies (Williams et al. 2011; White259

et al. 2013) have employed this metric. Here we point out that the matrix J0 actually determines the260

cumulative distance to stability.261

As we know, any non-stable initial population distribution at time t = 0 converges towards the262

SSD. Following Cohen (1979a), at each later time t, the “distance” from stability is measured by263

summing the elements of the difference vector f(t) = λ−t
0 n(t)−Q0 n(0). Convergence means that this264

distance is decreasing, so the cumulative vector F (t) =
∑(t−1)

m=0 f(m) should have a limit. For an initial265

population vector n(0) Cohen showed this limit to be266

lim
t→∞

F (t) =

[(
I+Q0 −

B

λ0

)−1

−Q0

]
n(0). (19)

We find that Cohen’s cumulative distance is just267

lim
t→∞

F (t) = J0 n(0), (20)

as shown in the Appendix. Thus J0 is directly related to the asymptotic cumulative distance to268

stability.269

Structure of J0 for population matrices with distinct eigenvalues270

When the matrix population model B has distinct eigenvalues (and linearly independent eigenvectors),

we can write the spectral decomposition of B (Good 1969) as: B = λ0 u0 v
†
0+λ1 u1 v

†
1+λ2 u2 v

†
2+· · · =

∑
j=0 λj e

iωj uj v
†
j , where uj and vj are right and left eigenvectors of B. In this case, we write the

10
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higher eigenvalues (maybe complex) as λj = e(rj+iωj) for j ≥ 1 and write the eigenvalue ratio as:

λj

λ0
=

e(rj+iωj)

er0
= τj e

iωj

where τj = erj−r0 and τj < 1; the τj are the inverse damping ratios Caswell (2001a). The spectral271

decomposition for B, and the definition equation (1) show that272

Q1 =
∑

j≥1

τj e
iωj uj v

†
j . (21)

We can now write an explicit expression for J0 (details in Appendix) as273

J0 =
∑

j≥1

uj v
†
j

(1− τj eiωj )
. (22)

This is a spectral decomposition of J0 (excluding the eigenvector u0 for which the eigenvalue is 0).274

Thus the vectors uj , vj are right, left eigenvectors of J0 corresponding to eigenvalue
(
1− τj e

iωj
)−1

.275

One consequence is that the dominant eigenvalue of J0 depends on the damping ratio τ1.276

Matrix J0 and Asymptotics of Transients277

The preceding discussion implies that the dominant eigenvalue of J0 is a quantitative measure of278

the asymptotic convergence of transients. Previous studies have shown that life history significantly279

influences transient dynamics of a population (Haridas and Tuljapurkar 2007).280

Jiang et al. (2022) found a strong correlation between transients (using damping time) with gener-281

ation time (Tc), a key life history trait (Gaillard et al. 2005). This finding led us to hypothesize that282

the dominant eigenvalue of J0 is also correlated with life history traits. To examine this hypothesis, we283

analyzed 439 unique age and stage- structured species (after correcting for phylogenetic inertia) using284

the COMADRE Animal Matrix Database (Salguero-Gómez et al. 2016), the COMPADRE Plant Ma-285

trix Database (Salguero-Gómez et al. 2015), and previously published mammalian database in Jiang286

et al. (2022). As shown in Figure 5, we find that the dominant eigenvalue of J0 is indeed strongly287

correlated with generation time Tc on the log-log scale (Figure 5).288

Thus the higher (subdominant) eigenvalues and eigenvectors of B completely determine our ma-289

trices Q1 and J0. Of course, the relationships in this subsection are of little computational use if290

there are repeated eigenvalues, or if we cannot compute the eigenvalues accurately. But even then, the291

powers of Q1 and thus the matrix J0 describe the transient dynamics of the population matrix. This292

connection is described by Cohen (1979a) using a cumulative distance measure, and we now show that293

is directly given by our matrix J0.294
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Discussion295

Population ecology has, over recent decades, acquired a sizeable arsenal of tools to approximate and296

quantify how natural populations respond to environmental stochasticity (Roughgarden 1975; Doak297

et al. 1994; Medeiros et al. 2023). In parallel, the field has also made important progress in the298

understanding of how natural populations respond to one-off (i.e., pulse) disturbances (Jentsch and299

White 2019). However, natural populations are rarely exposed to a single disturbance that fades300

fast enough (or where there is enough time) for the population to go back to stationary equilibrium.301

Here, we propose a novel approach to examine how natural populations respond to press disturbances.302

This approach is based on known results about pulse disturbances and transients to analyze press303

disturbances and nonlinear responses of population growth rate to demographic rate perturbations.304

Our results reveal an intimate -and unexpected- connection between the nonlinearity of population305

growth rate to vital rates, and transient dynamics. These findings provide valuable insights into the306

ways populations respond to disturbance regimes, with multiple implications for ecological modelling,307

ecological forecasting, and comparative demography.308

A key contribution of this study is the introduction of a new approach for calculating the second309

derivatives of long-term population growth rates with respect to their underlying vital rates in st(age)-310

structured populations (e.g matrix population models, Caswell (2001b) and Ellner et al. (2016)). This311

approach, which is both intuitive and powerful, enables researchers to explore the impact of linear and312

nonlinear selection on vital rates such as survival, growth, and reproduction. Our approach unlocks a313

deeper understanding of the factors influencing population dynamics. Indeed, the second derivative of314

population growth rate with respect to all vital rates that constitute an MPM provides information of315

important evolutionary implications (Doak et al. 1994; Brodie et al. 1995; Vasseur and Fox 2007; Shyu316

and Caswell 2014). Namely, these second derivatives inform on: (1) whether a function (in our case,317

the average fitness of individuals in the population) changes linearly as vital rates are perturbed (e.g.,318

Caswell (2001b)); 2) if nonlinear, whether fitness follows a concave (negative self-second derivative) or319

convex (positive self-second derivative) function for a specific vital rate (e.g., Caswell (2001b)); and (3)320

if the second derivative of fitness with respect to vital rates is positive for observed life histories, then321

the examined value corresponds to a local minimum, and vice versa if the second derivative of fitness322

is negative at a critical point, then that critical point corresponds to a local maximum (Brodie et al.323

1995). Here, statement (3) is of particular evolutionary and ecological importance, because it provides324

valuable insights into the stability of populations. Indeed, this way of thinking about the dynamics of325

a population in a stochastic environment enables us to conclude - based on a given second derivative326

value - whether fitness will increase as vital rates are perturbed or not. In other words, if a local327

maximum is evidenced, then further disturbances of a given (or all) vital rate(s) will inevitably only328

lead to the decrease in fitness. This information is particularly valuable when examining population329

forecasts of species to climate extremes (Thibault and Brown 2008), and selection for optimal life330

history strategies for a given environment (Tuljapurkar et al. 2009). As such, we argue that our second331
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derivative approach is particularly valuable for active research in human demography (e.g., McLeod and332

Day (2019)), population ecology (e.g., Feng et al. (2022)), and comparative biology (e.g., Compagnoni333

et al. (2021)). We emphasize the applicability of second-order perturbation theory, such as Kato’s334

theory (Kato 2013), in describing the nonlinear response in structured populations. This line of work335

opens up possibilities for using this method in multiple contexts, such as community composition and336

nonlinear multi-species interactions (Bender et al. 1984; Collins et al. 2020), broadening the scope of337

its application.338

Our findings reveal a robust link between the matrix J0 and short-term population dynamics in the339

aftermath of a perturbation. When a pulse disturbance perturbs the vital rates of a st(age)-structured340

population, the resulting nonlinear response in fitness can be quantified through the second-order341

derivative of the population growth rate. Here, we have formally defined the second derivative of the342

population growth rate in terms of the matrix J0 (See appendix). This formalization establishes a343

clear association between the nonlinear response in fitness and transient dynamics. These transient344

dynamics, stemming from a pulse disturbance, are characterized by the matrix Q1, which is a con-345

stituent element in the J0 equation (7), and consequently, it shapes J0. This interconnection gives346

rise to second-order fitness derivatives that exhibit nonlinear selection pressures, displaying concavity347

when the self-second derivative is negative and convexity when positive (Levine et al. 2022), with these348

effects being influenced by the transient phases in the population’s dynamic trajectory.349

In the realm of community ecology, it has been demonstrated that the interplay between pulse350

and press disturbances can lead to intricate, nonlinear interactions within ecological communities351

(Inamine et al. 2022). Pulse disturbances afford opportunities for select species during transient phases,352

while press disturbances can induce nonlinear, often unpredictable shifts in species performance over353

time. These interactions cascade through the community, affecting species composition and abundance354

in ways that defy straightforward predictions offered by linear population dynamics models. Our355

approaches, explicitly linking transient dynamics to well-established approaches to quantify stochastic356

demographics, coupled with the ability of st(age)-structured models to incorporate intra- and inter-357

specific effects (e.g., Kayal et al. (2018) and Adler et al. (2012)) offer unique opportunities to integrate358

responses of natural systems across levels of biological organisation: from individuals, to populations,359

to full communities. This integration is a primary need in the field of ecological resilience (Capdevila360

et al. 2021).361

Our findings also suggest a parallel in the context of population dynamics. The co-occurrence of362

press and pulse disturbances is a plausible scenario, particularly in light of increasing environmental363

stochasticity. Conceptually, the mechanics of press disturbances can be understood as an amalgamation364

of multiple, back-to-back pulse disturbances. Given that a single pulse disturbance, along with the365

ensuing transient behavior, indirectly impacts the nonlinearity of fitness responses, we posit that366

long-term press disturbances, along with the associated transients dislocating populations from their367

original stable state, will yield a more intricate and nonlinear response in fitness. In this study, we368

have elucidated the mathematical framework underpinning the connection between transients and369
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nonlinearity in fitness. This connection helps in understanding transient dynamics and resilience370

metrics in structured populations, offering new avenues for exploration in population ecology and371

comparative demography.372

An important area for future investigation in this regard is the link between the environmental373

response of vital rates and the environmental response of fitness. Specifically, the examination of374

environment-vital rate reaction norms in natural populations holds potential for further research in375

understanding the causes of trait variance in populations over time and the plasticity of life history376

processes in response to environmental changes (Klingenberg 2019). Our results point to new directions377

to examine population responses in stochastic environments. To see why, note that way a population378

fares in a stochastic environment can be viewed in terms of a sequence of unequal pulses, and their379

cummulative effects (as shown in Figure 1). So for example, we can examine how shifts in mean,380

variance, and temporal autocorrelation may impact a population’s ability to persist (Drake 2005;381

Vasseur and Fox 2007). We highlight the need for further research on the relationships between first-382

order and second-order derivatives of population growth rate with respect to vital rates as an yet383

unexplored area offering exciting opportunities for the field of ecological forecast, has hinted at by384

Shyu and Caswell (2014). In summary, the theoretical developments presented here, together with385

the findings that a tight connection exists between transient dynamics and stochastic dynamics open386

up new avenues in the study of structured demography. We argue that the potential implications387

are wide-ranging, and include the fields of formal demography, population ecology, and comparative388

demography. The insights into the connections between nonlinearity, transients, and selection pressures389

are expected to have a significant impact on future research in these areas, providing valuable tools390

for understanding and managing population dynamics in a changing world.391
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Figures507

Visualizing Transients After Pulses or Presses

u 0
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2

Pulse at 1

Pulse Disturbance Press Disturbance

Pulse at 2

 a
t 2

u′￼ 0 u 0

Figure 1: The left panel illustrates transient dynamics of a structured population after a pulse (one-time)
disturbance. At time t0, the purple arrow depicts pulse disturbance. After one time step, at time t1, the
pulse decays showing subsequent rotation and shrinkage of deviations from the SSD u0 (blue arrow), and then
at time t2 (green arrow), etc.. Note that eventually, the structure converges to original stable structure u0.
In the right panel, results of a press (permanent) disturbance are illustrated as the sum of the effects of the
current (at time t2) pulse, and the decaying effects of past pulses (blue arrow at time t1). In the case of press
disturbance (to matrix elements), the convergence is to a new stable structure u′

0 as shown in the right panel.
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Figure 2: Left panel: A, transient dynamics after a pulse (one-time) pulse at t0, showing subsequent (at t1
and t2) rotation and shrinkage of deviations from the SSD u0; B, explicit form of transient contribution to
structure, with eventual return to SSD; C, decaying transients in one component of the population structure.
Right panel: D, result of a press (permanent) disturbance, as a sum of the effect of the current (at t2) pulse,
and the decaying effects of past pulses at times t1 and t0 (only two are shown); E, explicit form of population
structure, with eventual convergence to the new SSD; F, accumulation of changes in the SSD over time.

20

(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprintthis version posted October 26, 2023. ; https://doi.org/10.1101/2023.10.20.563360doi: bioRxiv preprint 

298 C. Other works



Figure 3: Pulse and Press disturbances for Phaseolus lunatus. The top two panels follow transient dynamics
in Stage 1 after a pulse disturbance to the Stable Stage Distribution (u0) (Stage 1 perturbed). On the top-left
panel, Stage 1 converges to SSD (depicted by the dotted black line). On the top-right panel, we examine the
transient dynamics by considering two stages. We follow the convergence to SSD with Stage 5 on the x-axis and
Stage 1 on the y-axis. The bottom two panels follow transient dynamics in Stage 1 after a press disturbance
to two elements of the transition matrix (with 6 stages). We perturb (1,5) and (5,6) elements of the MP and
follow the convergence to SSD for Stage 1. As shown in bottom-left panel, Stage 1 is perturbed from its SSD
(depicted by dotted black line) and converges to a new SSD (depicted by the dashed black line) following a
press disturbance. On the bottom-right panel, we examine the transient dynamics by considering two stages,
Stage 1 on the y-axis and Stage 5 on the x-axis. Picture credit for Phaseolus lunatus: iNaturalist
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Figure 4: Computing the second derivatives of fitness with respect to projection matrix elements. The hori-
zontal and vertical axes indicate rates for the two demographic transitions, (p, q) and (k, l). Point A indicates
the starting values, where the fitness is λ0, SSD is u0 and stable reproductive value is v0. A press disturbance
of both demographic rates ends at point D. We consider two possible routes. First route: go from A to B by
changing only the demographic rate for the k ← l transition (i.e., bpq is unchanged but bkl becomes bkl + f .
At B the new stable population is, say, u0 + fZ1 and the new reproductive value is, say, v0 + fY1. Next go
from B to D, by changing only bpq by an amount d. Second route: starting at A, go from A to C by perturbing
the p ← q transition rate by an amount d. At C the new stable population is, say, u0 + dZ2 and the new
reproductive value is, say, v0 + dY2. Next, go from C to D by changing only bkl by an amount f .
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Figure 5: This figure examines the relationship between generation time (Tc) and the dominant eigenvalue of
J0 based on phylogenetic generalized least squares. The y-axis corresponds to log of the dominant eigenvalue of
J0 and the x-axis corresponds to log of generation time Tc. Each panel corresponds to a database: COMADRE
age-structured matrices, COMADRE stage-structured matrices, COMPADRE stage-structured matrices. The
correlation between dominant eigenvalue of J0 and Tc is consistently positive across all databases.
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Meta-analysis shows no consistent evidence
for senescence in ejaculate traits across
animals

Krish Sanghvi 1,4 , Regina Vega-Trejo1,4 , Shinichi Nakagawa 2,
Samuel J. L. Gascoigne 1, Sheri L. Johnson 3, Roberto Salguero-Gómez1,
Tommaso Pizzari1 & Irem Sepil 1

Male reproductive traits such as ejaculate size and quality, are expected to
decline with advancing age due to senescence. It is however unclear whether
this expectation is upheld across taxa. We perform a meta-analysis on 379
studies, to quantify the effects of advancingmale age on ejaculate traits across
157 species of non-human animals. Contrary to predictions, we find no con-
sistent pattern of age-dependent changes in ejaculate traits. This result partly
reflectsmethodological limitations, such as studies sampling a low proportion
of adult lifespan, or the inability of meta-analytical approaches to document
non-linear ageing trajectories of ejaculate traits; which could potentially lead
to an underestimation of senescence. Yet, we find taxon-specific differences in
patterns of ejaculate senescence. For instance, oldermales produce lessmotile
and slower sperm in ray-finned fishes, but larger ejaculates in insects, com-
pared to younger males. Notably, lab rodents show senescence in most eja-
culate traits measured. Our study challenges the notion of universal
reproductive senescence, highlighting the need for controlled methodologies
and a more nuanced understanding of reproductive senescence, cognisant of
taxon-specific biology, experimental design, selection pressures, and life-
history.

Senescence is the age-dependent irreversible deterioration of orga-
nismal function that leads to an increased risk of intrinsic mortality1

and a decline in reproductive output2 with advancing age. While
senescence has been reported in some taxa3, it is unclear whether
senescence is a general outcomeof ageing4–8. Senescence is drivenby a
variety of proximate mechanisms, from excessive biosynthesis in late-
life (hyperfunction theory9) and age-dependent deterioration of cel-
lular repair10, to the accumulation of mutations11, oxidative damage12,
and telomereattrition13. Fromanevolutionary perspective, senescence
is commonly hypothesized to be the result of relaxed selection against

deleterious mutations in older organisms, as first proposed by Meda-
war’s ‘mutation accumulation theory’14. Other evolutionary explana-
tions for senescence include selection for alleles, which increase
performance early in life but convey net costs later in life (‘antagonistic
pleiotropy’15), and trade-offs between investment in survival versus
reproduction (‘disposable soma’16). In contrast, some animals show an
absence of reproductive senescence4. Negligible senescence is pre-
dicted in animals with indeterminate growth, like some fish17,18, where
individuals continue to grow post-maturity, thus improving their
ability to reproduce throughout their lives due to age-dependent

Received: 13 July 2023

Accepted: 4 January 2024

Check for updates

1Department of Biology, University of Oxford, Oxford, UK. 2Evolution and Ecology Research Centre, School of Biological, Earth and Environmental Sciences,
University of New South Wales, Sydney, Australia. 3Department of Zoology, University of Otago, Dunedin, New Zealand. 4These authors contributed equally:
Krish Sanghvi, Regina Vega-Trejo. e-mail: krishsangvi2007@gmail.com; regina.vegatrejo@bms.ox.ac.uk; tommaso.pizzari@biology.ox.ac.uk;
irem.sepil@biology.ox.ac.uk

Nature Communications |          (2024) 15:558 1

12
34

56
78

9
0
()
:,;

12
34

56
78

9
0
()
:,;

302 C. Other works



increases in gonad size8,17. The ability of some animals to maintain
cellular repair and sustain homeostasis in reproductive tissues
throughout life might also lead to negligible senescence19.

Reproductive senescence (i.e., the age-dependent decline in
reproductive success) has been relatively well documented in
females20,21. Yet, patterns, causes, and consequences of male repro-
ductive senescence are less understood22. Understanding male repro-
ductive senescence is crucial for several reasons. Males typically face
intense intra-sexual competition. Thus, age-dependent changes in
male ejaculate traits can drive variation in male reproductive
success23,24, affecting sperm competition, cryptic female choice25, and
generating potential for sexual conflict26–28. Additionally, sperm are
potentially more vulnerable to organismal ageing than eggs10,29

because male germlines have higher rates of cell divisions and muta-
tion accumulation30,31 but poorerDNA repairmachinery12,32 than female
germlines. Such deterioration in the male germline can severely
impact offspring phenotypes via paternal age effects, thus having
important consequences for organismal health (reviewed in33).

Current evidence for senescence in male ejaculate traits is
inconclusive. Several studies show that older males have lower ejacu-
late quantities34 and poorer sperm quality35–37 than younger males.
However, other studies have reported improvements38–41, or no sig-
nificant changes in ejaculate traits with advancing male age42–45. The
heterogeneity in these reported effects might be caused by various
biological and methodological factors that modulate the effects of
advancing male age on ejaculate traits35,46 (Tables 1 and 2). A meta-
analytical approach is thus crucial to understand the influence of these
‘moderators’ (Tables 1 and 2) and to investigate the general effects of
advancing male age on ejaculate traits. Yet, no study has done this
systematically for non-human animals (see35 for humans; 18 for a review
in fish; 47 for effects of male age on seminal fluid).

Here, we conduct a meta-analysis to address three aims. First,
we test whether advancingmale age affects ejaculate traits across non-
human animals (aim 1). Although reproductive senescence is not
a ubiquitous outcome of ageing, it is commonly predicted to occur by
classical theories of ageing. We thus predict that senescence in
ejaculate traits will be observed commonly across species (see
Tables 1 and 2 for predictions as to how different ejaculate traitsmight

be affected differently). Second, we investigate the role of biological
and methodological moderators (see Tables 1 and 2 for the possible
influence of each) in modulating the effects of male age on
ejaculate traits (aim 2). Third, we quantify how advancing male age
affects reproductive outcomes, such as male fertilisation success
and fecundity. Here, we also testwhether the effects of advancingmale
age on ejaculate traits differ from those on reproductive outcomes
(aim 3). We find no consistent evidence for senescence in
ejaculate traits overall; however, we find taxonomic class- and trait-
specific patterns. We also find that studies sampling higher propor-
tions of species’ lifespans show stronger evidence for senescence.
Overall, we suggest methodological improvements and provide novel
hypotheses for studying senescence. The research gaps highlighted by
us will be key in aiding our understanding of male reproductive
senescence.

Results
Using a systematic review, we identified 379 studies with relevant data
on how advancing male age affects ejaculate traits (Supplementary
Fig. 1). From these studies, we obtained 1814 effect sizes across
157 species of non-human animals. We then created a meta-analytical
model, using Zr (Fischer’s z-transformed correlation coefficient) as our
effect size, to understand the overall effects of advancing male age on
ejaculate traits. For all our meta-analytical models, we included effect
size, cohort, study, species, and phylogenetic relatedness as random
effects. From the included studies,we further collecteddata on various
biological and methodological variables (moderators) to test their
independent and additive influence on patterns of ageing in ejaculate
traits, using meta-regressions. Importantly, for four over-represented
taxonomic classes (Mammalia, Insecta, Aves, Actinopterygii), we fur-
ther conducted four separate meta-regressions to investigate the
extent of senescence in ejaculate traits. Some studies also contained
additional data on age-dependent changes in reproductive outcomes
(e.g. fertilisation success, reproductive output, offspring traits). For
these studies, we compared the effects of advancing male age on
ejaculate traits and reproductive outcomes. Furthermore, we con-
ducted several analyses to test for different forms of publication bia-
ses. Finally, we also conducted two sensitivity analyses to test whether

Table 1 | Possible influence of different biological moderators onmale reproductive senescence at the level of ejaculate traits

Biological moderators Possible influence

Taxon-specific effects* Phylogenetic history and taxa-specific biology (e.g. ecosystems, niches, metabolic rates, mating systems, mode of ther-
moregulation, degree of parental care) could influence how male age affects ejaculate traits4,59.

Ejaculate traits* Evidence for reproductive senescence can depend on the specific trait measured61. This can be due to trade-offs between
different ejaculate traits60 or different traits being under varying selection pressures62.

Degree of sperm competition* Species with increased levels of sperm competition have evolved increased investment in competitive ejaculate traits such
as sperm number and velocity95, which may reduce the rate of senescence in these traits42. However, high levels of sperm
competition may also lead males to produce large, high-quality ejaculates early in life but exacerbate senescence in
ejaculate traits at older ages96.

Life-history strategies and mortal-
ity risk

Life-history strategies of animals and the pace of life of individuals determine the rate and onset of reproductive
senescence48. Life-history strategies are affected by mortality risk in populations. For instance, animals may invest more in
early-life reproduction when age-dependent mortality risk is high97 and thus show higher reproductive senescence rates
than animals facing lower age-dependent mortality risk98. Organisms that evolve in environments with high extrinsic
mortality might show faster rates of senescence when old due to deleterious late-life expressed alleles not being selected
against15.

Seminal fluid changes Levels of antioxidants in seminal fluid47 and abundance of seminalfluid proteins can change asmales age66, independent of
changes in sperm. These age-dependent changes in the seminalfluid can affect spermphenotypeover and above thedirect
effects of male age on sperm47.

Ontogeny of secondary sexual traits The ontogeny of secondary sexual traits can influence the evolution of male reproductive senescence rates27. For instance,
in specieswheremale traits such as weapons or ornaments improve with age,males are hypothesised to evolve lower rates
of reproductive senescence, compared to species where these traits do not improve with age40,51

Parental care Species with parental care might have evolved to allocate more energy/resources to caring for offspring and investing in
current reproductive opportunities at the cost of reduced allocation to future reproduction. This could accelerate repro-
ductive senescence in species with parental care2.

Moderators marked with an asterisk were included in our meta-analysis because there were sufficient data across studies.
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evidence for senescence was sensitive to the proportion of lifespan of
the associated species a study sampled and the aims of the study.

Aim 1: Effects of advancing male age on ejaculate traits
We found no general effect of advancing male age on ejaculate
traits (mean [95% confidence interval (CI)]: −0.006 [−0.486 to 0.474],
z = −0.025, P =0.978, Fig. 1A). Heterogeneity in our dataset was
high (I2 = 95%), with 40% attributed to true differences between stu-
dies, 19% to differences between effect sizes, 0% to between-species
differences, and 0.6% to differences between cohorts. Notably, phy-
logenetic relatedness (Supplementary Fig. 2) explained 35.4% of het-
erogeneity, suggesting a phylogenetic signal on male reproductive
senescence.

Aim 2: Role of biological and methodological moderators
We did not find a significant general effect of advancing male age on
ejaculate traits in our full model (which included all moderators with
data for >75% of effect sizes; mean [95% CI]: −0.197 [−1.496 to 1.103]).
However, the included moderators explained a significant proportion
of the total heterogeneity in our data (R2 = 12.17%, QM=99.606,
QE = 15299.075, P <0.001, DF = 36).

We did not find evidence for age-dependent changes in ejaculates
in any taxonomic class (Fig. 1B for four major classes, Supplementary
Fig. 3 for all classes), except in Malacostraca (which showed
improvement with advancing male age), when effects were averaged
across all ejaculate traits. However, taxonomic class explained a sig-
nificant proportion of heterogeneity (R2 = 8.26%, QM= 26.082,
P =0.025, DF = 14). Similarly, when averaged across all taxa, we did not
find evidence for advancingmale age to affect any individual ejaculate
trait significantly. Yet, the ejaculate trait explained a small but sig-
nificant proportion of heterogeneity (R2 = 1.72%;QM= 51.287;P <0.001,
DF = 13, Fig. 2A).

We detected taxonomic class-specific effects of advancing male
age on individual ejaculate traits. For insects (Insecta, k = 258), ejacu-
late size, quantity of sperm (corrected for body or testis size), number
of sperm, and sperm viability, improved with advancing male age
(Fig. 2B). For ray-finned fish (Actinopterygii, k = 174), sperm motility
and velocity decreased, whereas ejaculate size increased, with advan-
cing male age (Supplementary Fig. 4A). However, we found no sig-
nificant effect of advancing male age on individual ejaculate traits in
birds (Aves, k = 318; Supplementary Fig. 4B) or mammals (Mammalia,
k = 990; Supplementary Fig. 4C).

We also observed species-specific effects of advancing male age
on individual ejaculate traits. For lab rodents, Rattus norvegicus and
Mus musculus (k = 373, combined), most traits (i.e. sperm viability,
number, motility, per cent of sperm with morphological defects,
sperm concentration, sperm mitochondrial function, sperm DNA and
oxidative damage) showed senescence (Fig. 2C; Supplementary
Fig. 5A). For bulls (Bos taurus, k = 173), ejaculate size increased with
advancingmale age (Supplementary Fig. 5B). ForGallus spp. (domestic
chicken and red junglefowl combined, k = 183), number of sperm and
ejaculate size showed senescence (SupplementaryFig. 5C; see Fig. 3 for
a summary of all taxa- and species-specific effects). The male gona-
dosomatic index of a species (GSI: i.e. the ratio of testes to body mass,
used as aproxy for thedegreeof spermcompetition) did notmodulate
how advancing male age affected ejaculate traits (R2 = 0.26%,
QM=0.786, P =0.375, DF = 1, Supplementary Fig. 6). Finally, using lin-
ear mixed-effects models, we detected some evidence for a quadratic
effect of advancing male age on the per cent of morphologically nor-
mal sperm, viable sperm, and motile sperm (Supplementary Fig. 7).

Studies sampling a higher proportion of the maximum adult
lifespan of a species provided stronger evidence for senescence in
ejaculate traits (R2

all = 0.57%, QM= 4.838, P =0.028, DF = 1, Fig. 4A; see
Supplementary Fig. 8 for distribution of lifespans sampled across

Table 2 | Possible influence of differentmethodologicalmoderators onmale reproductive senescence at the level of ejaculate
traits

Methodological moderators Possible influence

Proportion lifespan sampled* A higher proportion of lifespan sampled will increase the probability of detecting reproductive senescence, as the
onset of senescence usually occurs late in life4,18,35,47.

Ejaculate collection method* Ifmales have control over ejaculationduring ejaculate collection (e.g. naturalmating ormatingwithdummyfemales),
males might have the opportunity to strategically adjust ejaculate phenotypes99. This could cause age-independent
changes in ejaculate traits, reducing the detectability of senescence. Additionally, when males have control over
ejaculation, studies might obtain a smaller proportion of the sperm reserves available to a male, which may not be
representative of a male’s whole-ejaculate phenotype, compared to studies that use invasive methods to obtain
ejaculates (e.g. dissection).

Population type* Reproductive senescence rates can differ between males in captive versus wild populations68,100. Additionally, some
domesticated animals are often culled prior to reaching ages where senescence can be detected101. Other domes-
ticated animals have undergone generations of artificial selection for unusual life histories (e.g. extremely short
generation time in broiler chicken102. These factors could lead to patterns of senescence differing between domes-
ticated and wild animals.

Cross-sectional versus longitudinal
sampling*

A cross-sectional sampling ofmalesmakes reproductive senescence harder to detect, especially if low-qualitymales
selectively disappear55,56. Cross-sectional studies might thus underestimate male reproductive senescence, com-
pared to the longitudinal sampling of the same males at different ages103.

Manipulations* Manipulated environments that are outside of what healthy organisms typically experience, such as environments
with stressful conditions, can exacerbate reproductive senescence104. Thus,males exposed tomanipulations such as
thermal stress, poor diet, or toxins couldbemore likely to show reproductive senescence thanmales not subjected to
these stressors. Other manipulations, such as experimental inbreeding105 or selection for deleterious mutations106,
may exacerbate reproductive senescence.

Mating history High mating rates can exacerbate male reproductive senescence23. In studies where male mating history is not
controlled for, old males often have more matings than young males. These studies might thus show stronger
evidence for senescence inejaculate traits.On theother hand, lowmating rates (e.g. virgins)might causeoldmales to
accumulate sperm for longer durations, thus producing larger ejaculates than young males66.

Post-meiotic sperm storage Temporal changes in sperm traits can also occur due to post-meiotic storage of mature sperm in males before
ejaculation and in females followingmating54. The duration of sexual rest in males can influence the amount of post-
meiotic damage to sperm, such that for a given age, males with shorter sexual rest (e.g. high mating rate) will incur
lower post-meiotic sperm damage54. Further, deleterious effects of post-meiotic sperm storagemay be exacerbated
in old males if old males are less able to repair post-meiotic cellular damage in sperm54.

Moderators marked with an asterisk were included in our meta-analysis because there were sufficient data across studies.
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taxa). This result was supportedmainly in captive and lab populations,
but not wild and domestic populations (R2

captive = 32.43%, R2
lab = 1.24%,

R2
wild = 0.52%, R2

domestic = 0.36%; Fig. 4B–E). The stage of an organism’s
ontogeny (Supplementary Fig. 9) at which it was sampled significantly
influenced the evidence for senescence. Specifically, studies that
sampled a higher youngest or oldest age of the associated species (as a
proportion of a species’ maximum adult lifespan) reported stronger
evidence for senescence in ejaculate traits (youngest: P = 0.032,
R2

all = 0.64%, Supplementary Fig. 10; oldest: P =0.009, R2
all = 0.97%,

Supplementary Fig. 11). We did not find evidence for reproductive
senescence in ejaculate traits, irrespective of the method used to
collect ejaculates from males (e.g. electroejaculation, dissection, nat-
ural matings). However, ejaculate collection method explained sig-
nificant heterogeneity in the data (R2 = 1.36%; QM= 7.52, P = 0.023,
DF = 2, Supplementary Fig. 12). Population type (R2 = 1.12%; QM= 2.724,
P =0.605, DF = 4, Supplementary Fig. 13) or male sampling method

(i.e. longitudinal or cross-sectional; R2 = 0.08%, QM=0.639, P = 0.887,
DF = 3, Supplementary Fig. 14), did not modulate the effect of advan-
cing male age on ejaculate traits. We also tested whether males who
experienced unnatural manipulations (i.e. conditions outside of their
typical range, compared to awell-defined control in the study) showed
more senescence than males who did not undergo unnatural manip-
ulations. We detected no senescence or improvement in ejaculate
traits irrespective of whether males underwent unnatural manipula-
tions (e.g. heat stress) or not (R2 = 0%, QM=0.021, P =0.989, DF = 2,
Supplementary Fig. 15A, B), or found significant differences in effects
sizes between manipulated and unmanipulated males (P =0.885).

Aim 3: Effects of advancingmale age on reproductive outcomes
We found that male reproductive outcomes (i.e. measures of male
fertilisation success, reproductive output, or offspring quality) did not
improve or decline with advancing male age overall (Supplementary
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Fig. 1 | No consistent evidence for senescence in ejaculate traits, irrespective of
taxonomic class. A Meta-analytical model of the overall effect of advancing male
age on ejaculate traits. B Effect of advancing male age on ejaculate traits for each
taxonomic class (note that animal classes with less than 25 effect sizes were
grouped together in ‘Other’). The size of eachdatapoint represents the precisionof
the effect size (1/SE). The x-axis represents values of effect sizes as Fisher’s
z-transformed correlation coefficient (Zr), while the y-axis shows the density dis-
tribution of effect sizes. The position of the overall effect is shown by the dark

circle, with negative values depicting senescence in ejaculate traits and positive
values showing improvement in ejaculate traitswith advancingmale age. Bolderror
bars (95% CI) show whether overall effect size is significantly different from zero
(i.e. not overlapping zero), while light error bars show the 95% prediction interval
(PI) of effect sizes, and black dot shows mean effect size. Sample sizes reported as:
k = number of effect sizes (in brackets: number of studies). Source data is provided
as a source data file.
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Fig. 16A). However, reproductive outcomes were less likely to dete-
riorate with advancing male age, than ejaculate traits (R2 = 1.76%,
QM= 9.783, P = 0.002, DF = 1; Supplementary Fig. 16B).

Publication bias
We foundno statistical evidence forpublicationbias, except for a time-
lag bias, with more recent studies being more likely to show senes-
cence in ejaculate traits (Supplementary Fig. 17, 18, 19).

Other sensitivity analyses
We found no significant evidence for senescence in ejaculate traits,
even when restricting the analysis to studies that sampled more than
10% of the maximum adult lifespan of the species (mean [95% con-
fidence interval (C.I.)]: −0.020 [−0.549 to 0.509], z = −0.075, P =0.940,
Supplementary Fig. 20). Results from our taxonomic class-specific

models, which again only included studies that sampled >10% of
maximum adult lifespan, were qualitatively similar to results from
models that included all studies (Supplementary Fig. 21).

We additionally objectively categorised study aims as explicitly
interested in senescence (i.e. studies using “ageing”, “ageing”, “senes-
cence”, “senescent”, or “senescing” in their abstracts or titles, N = 101
studies) or not (N = 273 studies). We did not find significant evidence
for overall senescence in ejaculate traits, even when we only analysed
studies whose aims were categorised as interested in senescence
(mean [95% confidence interval (CI)]: −0.294 [−0.760 to 0.172],
z = −1.238, P =0.216, Supplementary Fig. 22). Study aims however,
explained a significant proportion of heterogeneity in effect sizes
(R2 = 5.08%, QM= 36.287, P < 0.001, DF = 2; Supplementary Fig. 22).
Furthermore, studies that were interested in senescence sampled a
higher proportion ofmaximumadult lifespan of the associated species
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Fig. 2 | No consistent evidence for senescence in ejaculate traits when all taxa
were considered, but some ejaculate traits improve with advancing age (in
insects), while other traits decline (in lab rodents). A Effect of advancing male
age on individual ejaculate traits across all 157 species in the dataset. B Effect of
advancing male age on individual ejaculate traits in the class- Insecta. C Effect of
advancingmale ageon individual ejaculate traits for the twomost over-represented
species combined (lab rodents): Mus musculus and Rattus norvegicus. The size of
each data point represents the precision of the effect size (1/SE). The x-axis
represents values of effect sizes as Fisher’s z-transformed correlation coefficient

(Zr), while the y-axis shows the density distribution of effect sizes. The position of
the overall effect is shown by the dark circle, with negative values depicting
senescence in ejaculate traits and positive values showing improvement in ejacu-
late traits with advancing male age. Sample sizes reported as: k = number of effect
sizes (in brackets: number of studies). Bold error bars (95% CI) show whether
overall effect size is significantly different from zero (i.e. not overlapping zero),
while light error bars show the 95% PI of effect sizes, and black dot shows mean
effect sizes. Note that error bars are not provided for traits with a number of effect
sizes less than 3. Source data is provided as a source data file.
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(34%) than studies not interested in senescence (20%, Supplemen-
tary Fig. 23).

Discussion
Senescence is central to our understanding of ecology48, evolution48,
life history16, and society49. Senescence in male ejaculate traits can
influence sexual selection50,51, sexual conflict26,36, andoffspring health13.
We thus cannot fully understand organismal biology without under-
standing the evidence for, and consequences of, male reproductive
senescence at the level of ejaculates. Our meta-analysis reviews the
effects of advancing male age on ejaculate traits across animals in
order to test for senescence and highlights key gaps in knowledge that
will facilitate a better understanding of ageing.

Contrary to expectations, we detected no consistent evidence for
senescence in ejaculate traits across studies (aim 1). Our results con-
trast those of a meta-analysis in humans35, which found senescence
across most ejaculate traits in men. These differences in results
possibly reflect stronger selection pressures in non-human animals
to maintain sperm function across all ages compared to men. In
our dataset, the phylogenetically closest relative to humans were
rodents (exemplified by lab rodents), which, like humans35, showed
evidence for senescence in most ejaculate traits. Current human
longevity is much higher than what it was just a few centuries ago52.
Such recent increases in human longevity could lead to men living
much beyond the age at which sperm function can be maintained,
leading to greater senescence in the ejaculates of men compared to
other animals.

We suggest several potential non-mutually exclusive reasons for
the lack of senescence in our meta-analysis. While we discovered that
increasing the proportion of lifespan sampled by a study yielded
greater evidence for senescence (also shown by18,35,47), studies in our
meta-analysis tended to sample a low proportion of maximum adult
lifespan (median = ~25%, Supplementary Fig. 9), which could have
underestimated senescence. Another reason could be thatmany of the
studies included in our analysis were not explicitly testing for senes-
cence. To account for this, we conducted an analysis only on studies
that were explicitly interested in senescence. These studies sampled a
higher proportion of the lifespan of the associated species yet did not
provide evidence for senescence in ejaculate traits overall. However, a
reason for this lack of evidence could be that study aims are difficult to

quantify, and our classification of aims might have excluded relevant
studies. Curvilinear patterns of ageing could also have led us to
underestimate senescence. This is because age-dependent changes in
ejaculate traits were analysed as a linear function (effect sizes). How-
ever, ageing is often curvilinear4,53. Our test of quadratic effects
showed some evidence in support of this. Thus, if ejaculate traits
improve from early to mid-adult life (i.e. maturation) and deteriorate
(i.e. senesce) later in life, the positive part of the function would be
disproportionately represented against the negative part of the
function54. Our results overall highlight the need for meta-analysts to
develop techniques to calculate and analyse non-linear effect sizes to
investigate such patterns.

Selective disappearance of poor-qualitymales with increasing age
could also underestimate senescence55,56. Comparing means of age
groups in longitudinal studies (like in our meta-analysis) can only
account for selective disappearance if all individuals are sampled at all
ages, which was rarely done across studies. To account for selective
disappearance in cases where not all males survive to be sampled at all
ages, we would need to analyse individual-level longitudinal data
[rarely reported] for each male in each study rather than comparing
the means of different age groups57. Age-dependent improvement or
negligible senescence in ejaculate traits could also reflect a true bio-
logical pattern, with senescence not being an inevitable outcome of
ageing for many ejaculate traits and species4,58. For instance, taxa with
indeterminate growth or slow life histories might show negligible
senescence8,17.

We suggest corollary methodological improvements for more
rigorous testing of male reproductive senescence. Specifically, studies
could sample higher proportions of a male’s maximum lifespan and
report survival curves of the studied populations; test for curvilinear
effects of age by measuring at least three age cohorts in early-, mid-,
and late-adult life; separate confounding effects ofmalematinghistory
and age by comparing virgin versus frequently mated old and young
males; test for selective disappearance by sampling males long-
itudinally and report individual-level data for each male; be explicit
about which theories of ageing are being tested and their corollary
predictions; and sample equal number of males in all age classes.
Overall, we conclude that senescence is likely occurring in the taxon-
specific ejaculate traits where we found supporting evidence. How-
ever, we could have underestimated the extent of senescence where
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supporting evidence was lacking due to some aforementioned
limitations.

Some biological and methodological moderators were important
in explaining the observed heterogeneity in effect sizes (aim 2). How-
ever, as the effects of these moderators were tested individually, our
results could possibly be explained by other moderators not simulta-
neously included in the analysis. Thus, our results should only be
treated as hypothesis-generating rather than evidence of causation.
Taxonomic class and ejaculate trait explained a significant proportion
of heterogeneity. This heterogeneity couldbeattributed todifferences
in ecologies, niches, behaviours, life-history strategies, metabolisms,
and evolutionary histories of animals4,59. Heterogeneity explained by
ejaculate traits could be due to covariances between different ejacu-
late traits60; some traits being more sensitive to age-dependent dete-
rioration thanothers61; or different traits being under varying selection
pressures62. Additionally, some ejaculate traits are more likely to
influence fertilisation success than others60. It is thus possible for traits
that aremore important determinants of fertilisation success to evolve
slower rates of senescence than less important traits63, which future
studies could test.

We discovered some taxonomic class-specific evidence for age-
dependent changes in individual ejaculate traits. Insects showed an
increase in all sperm and ejaculate quantity traits. This increase could

be associated with their mating status, as most studies (>75%) on
insects in our meta-analysis kept males as virgins. Specifically, in spe-
cies with life-long spermatogenesis and low rates of sperm loss (such
as some insects64,65), low mating rates can result in old males accu-
mulating more sperm and producing larger ejaculates than young
males66. Ray-finned fish (Actinopterygii) showed evidence for senes-
cence in sperm velocity andmotility but also age-dependent increases
in ejaculate size. This result couldbe due to oldmales producing larger
ejaculates to compensate for senescence in sperm performance.
Increases in fish ejaculate size could also reflect the effects of con-
tinuous post-maturity growth in many fish species17,18,67, leading to
older males having larger gonads. We did not find consistent evidence
for senescence in ejaculate traits in mammals or birds.

We detected several species-specific patterns of senescence.
Specifically, most ejaculate traits in lab rodents (Mus musculus and
Rattus norvegicus combined) showed senescence, even when only
control/wild-type genetic strains were analysed (e.g. C57 for mice,
Brown Norway and Sprague Dawley for rats). This could be due to
studies on lab rodents usually having equal sample sizes of males in
each age cohort, thus possibly limiting bias towards weighting of the
positive part (early- to mid-life) of the curvilinear ageing function.
Consistent evidence for senescence in lab rodents could also be
associated with senescence being exacerbated in lab-adapted
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populations68. For a more nuanced understanding of such traits by
taxon interactions, we suggest that future studies account for age-
dependent changes in body and testes size (as covariates), test for
post-meiotic senescence of sperm during storage in males, record
whether studied species exhibit continuous spermatogenesis and
sperm reabsorption; and measure multiple ejaculate traits simulta-
neously (i.e. sperm quantity and performance/viability), because
sperm quantity versus performance traits might be affected by age in
different ways.

Extending the proportion of themaximumadult lifespan sampled
increased the evidence for senescence in ejaculate traits for a species.
This result suggests that the onset of reproductive senescence usually
occurs late in life4,69, and senescence will more likely be detected if
studies sample a larger proportion of lifespan. However, this may be
biased by the population sampled, as this association was strong in
captive and lab animals but not in wild and domestic animals. We did
not find evidence for senescence at any level of other methodological
moderators (aim 2). This result could be due to the effects of metho-
dological moderators being taxon-specific or being revealed only
under interactions with other methodological or biological mod-
erators. The lack of an effect of study methodologies might also be
explained by moderators that we did not include in our analyses
(Table 2).

We detected no consistent evidence for overall improvement or
senescence in reproductive outcomes of males (i.e. measures of fer-
tilisation success, egg/offspring number/viability/quality; aim 3). Our
meta-analysis used data on reproductive outcomes only from studies
that alsomeasured ejaculate traits, which possibly represents a biased
subset of studies on ageing of reproductive outcomes. However, we
found that reproductive outcomes were less likely to exhibit age-
dependent deterioration than ejaculate traits. This difference could be
due to not all ejaculate traits being key determinants of reproductive
success (e.g. fertilisation success70), and deterioration in some ejacu-
late traits having little consequence for a male’s reproductive
outcome71. Lower rates of age-dependent declines in male reproduc-
tive outcomes could also be due to female-driven effects (e.g. cryptic
female choice, reproductive compensation), which might provide a
buffer against low-quality ejaculates of oldmales. For instance, females
might be able to eject poor-quality sperm via cryptic female choice72,
or females mated to older males might compensate by investing more
resources into provisioning73. Additionally, viability selection in old
males could purge low-quality male genotypes, leading to old males
having higher means and lower variances for reproductive outcomes
than young males46,74. These results suggest that age-dependent
changes in ejaculate traits may not accurately reflect changes in
reproductive outcomes. We emphasize that studies should ideally
measure ejaculate traits, male reproductive success, and offspring
phenotypes to elucidate the fitness consequences of advancing
male age.

Methods
We followed the PRISMA-EcoEvo guidelines for ourmeta-analysis75 and
conducted statistical analyses in R76 v 4.1.2. Supplementary figures 1-
24) and Supplementary notes 1-12) are provided in the “Supplementary
Information” file. Data, model outputs, metadata, code, PRISMA
checklist, and pre-registration have all been deposited at OSF (https://
osf.io/dk8sq/).

Search protocol
We conducted a literature search using search strings on SCOPUS and
Web of Science on 21st January and 27th March 2021, respectively
(see Supplementary Notes 1 for specific search strings). In addition, we
conducted a backward and forward search using seven relevant papers
related to the topic of our meta-analysis11,13,22,24,43,54,77. We additionally

conducted a search for unpublished research using the Bielefeld
Academy Search Engine78. Finally, we contacted 56 researchers who
study the ecology and evolution of male reproductive senescence to
ask for unpublished data. Our search resulted in a total of 9412 unique
abstracts from published sources and 271 abstracts from unpublished
sources (PRISMA diagram: Supplementary Fig. 1). We screened these
abstracts in Rayyan79 and abstrackr80 using pre-defined selection cri-
teria (see below). We ensured that the screening process was highly
repeatable (Supplementary Notes 2).

Inclusion criteria
For a study to be included in our analysis, some selection criteria had
to be fulfilled during the abstract and full-text screening stages. When
screening abstracts, the studyhad tobe a research article (not a review,
meta-analysis, or case study) on non-human animals written in English
and quantifying ejaculate traits in males of different ages. When
screening full-texts, the study needed to contain data on the effects of
male age on ejaculate traits, non-overlapping age groups ofmales, and
appropriate data for calculation of effect sizes. We only included stu-
dies where at least two age groups of adult males could be compared
(see Supplementary Notes 3 for our definition of “adults”). We deemed
a total of 379 studies (374 from published and five from unpublished
sources) appropriate fordata extractionbasedonour selection criteria
and included them in our meta-analysis (PRISMA diagram in Supple-
mentary Fig. 1). These studies represented 157 species.

Data collection
To quantify the evidence for or against male reproductive senescence
(aim 1), we collected data on means, standard deviations (SD) or
standard errors (SE), the number of males in each age group, and the
number of unique males in the study, wherever reported (see Supple-
mentary Notes 4 for formulae used to calculate SD). If we could not
obtainmeans and SD/SE, we noted the “test statistic” (e.g. t from t-tests
or R2 values) reported in the study fromwhich effect sizes can be easily
obtained. We ensured that the data extraction process was highly
repeatable (Supplementary Notes 2).

To understand how biological moderators affect patterns of
senescence (aim 2), we recorded information on various biological
variables from the 379 studies included in the meta-analysis. We
recorded the species and taxonomic class of the study organism, and
the ejaculate traits measured in the study (see Supplementary Notes 5
for definitions of each trait). The ejaculate traits were either measures
of sperm/ejaculate quantity (e.g. spermconcentration, spermnumber,
and ejaculate volume), sperm performance (e.g. sperm motility, velo-
city, viability), or intra-cellular measures of sperm quality (e.g. oxida-
tive stress in sperm, DNA damage to sperm, sperm telomere length).
Finally, we recorded the gonadosomatic index (GSI, i.e. the ratio of
testis mass to body mass, as a proxy for sperm competition81,82) for
each species, wherever possible (see Supplementary Notes 6; meta-
data on OSF https://osf.io/dk8sq/).

Tounderstandhowmethodologicalmoderators affect patterns of
senescence in ejaculate traits (aim 2), we collected data on various
methodological variables from included studies (see Supplementary
Notes 7). Initially, we recorded the maximum lifespan (male-specific
whenever possible or species-specific when male-specific data were
not available) and age at adulthood of the species studied (see Sup-
plementary Notes 6). Data onmaximum lifespan and age at adulthood,
as well as sources of these data, can be found at OSF (https://osf.io/
dk8sq/).We then calculated the proportion ofmaximumadult lifespan
sampled for a species in each study (converted to years). Some of the
data on maximum adult lifespans (especially for vertebrates) were
obtained from large databases/datasets (that often only reported
species-level lifespans without reporting the sex of the measured
individuals). Thus, these data may not always accurately reflect the
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maximum male lifespans of the specific populations included in our
meta-analysis.

We also recorded the method of sperm extraction (e.g. electro-
ejaculation, naturalmating); population type (whethermales belonged
to wild, domestic, captive or laboratory populations (see Supplemen-
tary Notes 8 for definitions)); method for measuring male age (i.e.
whether male age was known directly or indirectly estimated from a
measure of phenotype); whether the ejaculate was stored in cold
conditions (<5 °C, irrespective of the duration of storage) before ana-
lysis of sperm performance; and whether the study was experimental
or not18. In some studies, males underwent “unnatural manipulations”
(see Supplementary Notes 9 for detailed definitions). Here, we also
recorded whether the data were obtained frommales that underwent
these “unnatural” manipulations (i.e. males that experienced condi-
tions outside of their typical range that were compared to a well-
defined control in the study) or frommales that were used as controls
in the same study.

We investigated whether advancing male age affects male repro-
ductive outcomes (aim 3) and whether the effects of male age on
reproductive outcomes (see Supplementary Notes 5 for definitions)
differ from those on ejaculate traits. For this, we collected data on how
advancing male age affects male fertilisation success, the number of
eggs produced by the mated females, the number of offspring pro-
duced by the mated females, egg viability and hatchability; offspring
viability, offspring developmental rate and offspring body condition,
whenever available in a study (53 studies in total).

Calculating effect sizes
We used Fisher’s z-transformed correlation coefficient (Zr) as the
effect size in our meta-analysis83. Each effect size was calculated from
either standardised mean differences (when two age groups were
compared), simulations (when multiple age groups were compared),
or test statistics (see Supplementary Notes 10 for formulae used).
Effect sizes from these three calculation methods were not sig-
nificantly different from each other (Supplementary Notes 10; Sup-
plementary Fig. 24); thus, all effect sizes, irrespective of their
calculation methods, were analysed together in our models. We cor-
rected all calculated effect sizes (Zr) by a multiplier to obtain the final
effect sizes to be used in the analyses (see Supplementary Notes 10) so
that negative effect sizes indicated senescence, while positive effect
sizes indicated improvement in ejaculate traits with advancing
male age.

Data analysis
We first created a meta-analytical model (i.e. null model) to test for
the general overall effect of advancing male age on ejaculate traits
(aim 1), using the rma.mv function in the metafor package84. We
included the effect size (Zr) as our response variable in the null model
and random effects of: effect size ID (which represents the residual
within-study variance), cohort ID, study ID, and species name to con-
trol fornon-independenceof effect sizes85.We also added a correlation
matrix quantifying the phylogenetic relatedness of species in our
dataset to control for non-independence arising due to shared phy-
logenetic history and test for a phylogenetic signal86. The phylogenetic
tree (Supplementary Fig. 2) was built using the packages ape87 and
rotl88, which use data from the OpenTreeOfLife89. We quantified the
total heterogeneity90 not due to sampling error as I2, which can range
from 0–100. We quantified partial heterogeneity explained by each
random effect using the function i2_ml from the orchard package91.

We created meta-regressions to investigate how moderators
modulated theeffects of advancingmale ageonejaculate traits (aim2).
In all meta-regressions, we included the same random effects and
phylogenetic matrix as in our null model and effect size (Zr) as our
response variable. We first conducted a meta-regression with all

moderators for which data were available for >75% of effect sizes and
studies (“full” model). This full model was used to estimate the pro-
portion of heterogeneity explained by moderators92 while accounting
for the confounding effects of other moderators. The full model
includedmoderators of taxonomic class, ejaculate trait, proportion of
maximum adult lifespan sampled, whether or not males had control
over ejaculation, population type, sampling method of males, method
of age estimation, whether or not a study was experimental, and
whether or not males underwent “unnatural” manipulations. We then
built several meta-regressions to explore individually the effects of
each methodological and biological moderator (see Tables 1 and 2,
Supplementary Notes 7,most ofwhich had been pre-registered at OSF:
https://osf.io/dk8sq/). Here, we also tested how the youngest and
oldest ages sampled of the associated species (as a proportion of the
maximum lifespan of the species) affected the evidence for senes-
cence. We further tested the influence of the gonadosomatic index of
species (GSI), which was not included in the full model, as it only had
data for <75% of studies and was not pre-registered.

For each meta-regression model, we calculated the total hetero-
geneity (QM) and the proportion of total heterogeneity explained by
moderators (marginal R2), with the function r2_ml using the orchard
package91. P values (α =0.05) indicate whether the heterogeneity
explained was significant or not90. We created models without an
intercept to test whether each level of a moderator showed evidence
for senescence or improvement in ejaculate traits with age. However,
for moderators with two levels, we were additionally interested in
comparing effect sizes in one level to those in the other level. In such
cases, we created a model with one level of the moderator as the
intercept (here, a P value expressed whether one level of the mod-
erator was different from the other level).

Taxonomicclasses of Insecta, Actinopterygii, Aves, andMammalia
were over-represented classes in our dataset, each with >150 effect
sizes from >30 studies (Supplementary Fig. 2). We thus created four
separate meta-regressions for each class, with ejaculate trait as a
moderator. Moreover, four species: lab mice (Mus musculus), lab rats
(Rattus norvegicus), chicken/red junglefowl (Gallus spp.), andbulls (Bos
taurus) were over-represented in our dataset (each species had >150
effect sizes across >20 studies; Supplementary Fig. 2). For these spe-
cies, we created separate meta-regression models with ejaculate trait
as a moderator.

Shapes of reproductive ageing are often curvilinear, characterised
by an initial period of maturation, where performance increases from
early- to mid-adult life and subsequently decreases (i.e. senescence) in
late-adult life4,53. To test whether the effects of male age on ejaculate
traits were curvilinear, we used linear mixed-effects models93 (Sup-
plementary Notes 11). These analyses were limited to traits which were
measured on the same scale and units across studies/taxa.

We also used data from studies that measured age-dependent
changes in both ejaculate traits and reproductive outcomes. Then, we
ran a meta-regression using a type of trait (reproductive outcome or
ejaculate trait) as a moderator (aim 3).

Publication bias
We conducted a sensitivity analysis of our null model by replacing the
random effects terms of cohort and effect size ID with a
variance–covariance matrix94. We also performed various publication
bias tests94 (funnel plot, trim and fill multi-level meta-regression, and
selection model; Supplementary Notes 12). These analyses were done
to test for biased sampling of effect sizes in our study based on their
precision, magnitude, publication year, and sample size.

Other sensitivity analysis
We conducted two additional sensitivity analyses. First, we accounted
for the low proportions of maximum adult lifespans sampled by
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studies in our meta-analysis. Here, we re-ran our null model and
models for the taxonomic classes of Insecta, Mammalia, Aves, and
Actinopterygii, only using data from studies that sampled >10% of the
maximum adult lifespan of the species. Second, we classified study
aims as being explicitly interested in senescence or not. Studies that
mentioned “ageing”, “ageing”, “senescence”, “senescent”, or “senes-
cing” in their abstracts or titleswere classified as explicitly interested in
senescence.We then created ameta-regression with the study aim (i.e.
interested in senescence or not) as our moderator to test whether
studies that were interested in senescence showed senescence in eja-
culate traits overall.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The data generated in this study have been deposited in the Open
Science Framework database (https://osf.io/dk8sq/) with the following
https://doi.org/10.17605/OSF.IO/DK8SQ. The data are available with-
out any restricted access. The raw data are available under the file
name “raw_data.csv”. The processed data are available under the file
name “spermFinalAllData.csv”. The data used to produce the manu-
script figures are provided in the Source Data file. Source data are
provided in this paper.

Code availability
All associated code can be found at the Open Science framework
database (https://osf.io/dk8sq/) with the following https://doi.org/10.
17605/OSF.IO/DK8SQ.
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