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INTRODUCTION

Luck shapes the outcomes of our lives in many ways. 
Think of all the events that had to occur exactly as they 
did for you to be reading this article right now. In bi-
ology, some sources of randomness or unpredictability 
will persist no matter how many covariates we observe 
(Dietze,  2017). For example, whether a particular seed 
(among many near-identical seeds produced by one 
plant) lands on a rock or on the immediately adjacent 
soil is not due to any intrinsic property of that seed. But 
whether the seed germinates or perishes is determined by 
the chance event of landing in suitable or unsuitable hab-
itat. The life history of an individual, that is, the schedule 
of their growth, reproduction and death, involves a large 
sequence of chance events.

Within natural populations, individuals often vary 
substantially in their success, as measured by their lifes-
pan or lifetime reproductive output. Many taxa, such as 

fish and trees, experience high mortality in early life and 
low mortality at larger sizes (Houde, 1989; Pauly, 1980; 
van Valen,  1975). This mortality schedule causes high 
variance and skew in lifespan: Most individuals die 
young, while some lucky individuals live a long time. 
High reproductive skew, where a small number of adults 
contribute the vast majority of reproductive output, is 
also common (Eusemann & Liesebach, 2021; Gerzabek 
et al., 2017; Goodwin et al., 2016; Le Boeuf et al., 2019; 
Ross et al., 2023). An important question in ecology is 
whether variation in success among individuals is due to 
their intrinsic properties or chance events.

Individuals differ in ways that impact survival, growth 
and fertility, and thus lead to variation in lifespan or 
lifetime reproductive output. For example, populations 
are mixtures of individuals with various sizes, ages, 
phenotypes, genotypes and microhabitats. Size is par-
ticularly important in determining demographic rates 
because of its impacts on metabolism (Maino et al., 2014; 
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West et al., 1997), fecundity (Allainé et al., 1987; Hixon 
et al., 2014; Weiner et al., 2009), predation risk (Juanes 
& Conover, 1994) and competition (de Roos et al., 2003). 
Fixed phenotypic traits can also have large impacts on 
demographic rates and lifetime success. In a popula-
tion composed of both migratory and resident brown 
trout, migratory individuals produced the majority of 
offspring, despite being a minority of the adult popula-
tion (Goodwin et  al.,  2016). Early flowering forbs tend 
to produce more fruits and/or seeds (Munguía-Rosas 
et  al.,  2011), while canopy position strongly influenced 
seedling production in a population of similarly sized 
oaks (Eusemann & Liesebach, 2021).

The study of ‘luck’, also referred to as ‘individual sto-
chasticity’, has focused on understanding the drivers of 
variation in success among individuals in the same pop-
ulation. These studies are generally based on structured 
population models, that is, matrix population models 
(Caswell,  2001) and integral projection models (Ellner 
et al., 2016). In structured population models, individu-
als having the same state, such as size or age, are subject 
to the same probabilities of survival, growth and repro-
duction. ‘Luck’ or ‘individual stochasticity’ arises be-
cause such individuals nonetheless experience different 
outcomes: some live while others die, some have more 
offspring and some fewer. We refer to lifespan and life-
time reproductive output as lifetime outcomes because 
they are the net result of many events over an individu-
al's life.

Across populations, variation in demographic rates 
is directly linked to variation in life history traits. For 
example, high versus low mortality induces short ver-
sus long expected lifespan. Life history traits can gen-
erally be separated into traits relating to the pace of life 
(lifespan, age of maturity and fast vs slow growth), and 
those that relate to reproductive investment (degree of 
iteroparity and clutch size) (Healy et al., 2019; Salguero-
Gómez, Jones, Jongejans, et  al., 2016). Because demo-
graphic rates impact both life history traits and luck, 
we would expect the role of luck in a population to be 
strongly related to the population's life history traits. For 
example, individuals with a short lifespan will tend to 
have fewer reproductive events than individuals with a 
long lifespan. With all else held equal, a population with 
a shorter expected lifespan would show less variance in 
lifetime reproductive output. However, life history traits 
do not vary independently from one another, but are 
often constrained by trade-offs: when individuals invest 
in early reproduction or large clutch sizes, they tend to 
reach a smaller terminal size and have a shorter lifespan 
(Stearns,  1989). The non-independence of life history 
traits makes it difficult to predict which life history traits 
will most strongly drive variance in lifespan or lifetime 
reproductive output.

There is now a substantial literature focused on de-
composing the variance across a population in individ-
ual lifetime outcomes into contributions from different 

sources. For example, a number of studies have exam-
ined models that include both individual age/size and 
a static phenotypic trait (e.g. birth state and breeding 
strategy), and have found that the within-group variance 
(due to ‘luck’ or ‘individual stochasticity’) is often much 
larger than the between-group variance (due to ‘traits’ 
or ‘individual heterogeneity’) (Jenouvrier et  al.,  2022; 
Snyder et  al.,  2021; Snyder & Ellner,  2018; van Daalen 
et  al.,  2022). Likewise, studies of lifetime outcomes 
in clonal genotype lines have found that the within-
genotype (‘luck’) component of the variation was larger 
than the genetic component (Cressler et al., 2017; Jouvet 
et al., 2018). Age partitioning of luck has shown that the 
conditions in early life, such as the birth state and early 
life survival and growth, are very important to determin-
ing an individual's lifetime outcomes (Snyder et al., 2021). 
Further work partitioning variance in lifetime reproduc-
tive output into contributions from various forms of de-
mographic and environmental luck found that luck in 
survival, growth or environmental variation dominated, 
depending on the life history traits of the population 
(Snyder & Ellner,  2022). Exciting recent mathematical 
progress enables the calculation of the full distribution 
of lifespan or lifetime reproductive output, suggest-
ing that lifetime outcomes may frequently be bimodal 
(Tuljapurkar et al., 2020).

These previous studies have focused in depth on a few 
well-studied populations. Here, we complement those 
studies by taking a broad comparative approach to in-
vestigate patterns of luck across diverse plant and animal 
taxa. A comparative approach at this scale required us to 
focus on summary measures that describe the effects of 
luck in each population, and the important differences 
among the populations, rather than a detailed examina-
tion of the full distributions of lifetime outcomes in par-
ticular populations (Tuljapurkar et al., 2020). Comparing 
across populations also required us to standardize the 
units of reproductive output so that we could compare 
apples to elephants. To do this, we defined the standard-
ized lifetime reproductive output as the total number of 
offspring, weighted by their probability of surviving to 
maturity.

To describe the role of luck in populations, we focused 
on two summary measures of the distribution: variance 
and skewness, for two important lifetime outcomes: lifes-
pan and lifetime reproductive output (LRO). To describe 
differences among populations, we used life history 
traits. We ask the following questions: (1) How do luck in 
lifespan and luck in LRO relate to each other? (2) Does 
high variance in a lifetime outcome predict high skew-
ness in the same outcome— in other words, are variance 
and skewness equally useful as measures of inequality in 
lifespan and LRO? (3) How do life history traits relate to 
variance and skewness of lifetime outcomes? (4) How do 
different types of luck (survival, growth and fecundity) 
contribute to overall variance and skewness of lifetime 
outcomes?
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We investigated these questions using a large set of 
structured population models from the COMADRE, 
COMPADRE and Padrino databases (Levin et  al., 
2022; Salguero-Gómez, Jones, Archer, et  al., 2016; 
Salguero-Gómez et al., 2015). We calculated total vari-
ance and total skewness in both lifespan and LRO for 
each model, giving us four ‘response variables’ of in-
terest. We looked for relationships among the response 
variables, as well as relationships between each re-
sponse variable and various covariates, which included 
life history traits and model characteristics. We also 
decomposed the total variance and total skewness in 
lifespan and LRO into contributions from luck in birth 
state, survival trajectory, growth trajectory and fecun-
dity. These decompositions were also tested for correla-
tions with life history traits and model characteristics.

M ETHODS

Selecting population models

To explore patterns of luck in lifespan and LRO 
across populations and taxa, we selected a large set of 
structured population models from the COMADRE 
(Salguero-Gómez, Jones, Archer, et  al., 2016) and 
COMPADRE (Salguero-Gómez et  al.,  2015) databases 
of matrix population models, and the Padrino database 
(Levin et al., 2022) of integral projection models (IPMs). 
Our requirements were similar for matrix and integral 
models, but because matrix models predominate, we will 
explain our screening of COMADRE and COMPADRE 
and then mention a few items specific to Padrino.

To calculate our luck measures, survival and repro-
ductive transitions must be quantified and separable in 
the model. For each model, we extracted the F and U 
matrices: the F matrix contains all of the reproductive 
transition rates, and U contains all of the survival and 
growth transition rates. The overall projection matrix 
for a population, A, is the sum of U and F.

We filtered for models that met basic quality control 
requirements such as no missing values and no sponta-
neous production of individuals (i.e. a column sum >1 
in U). We required A matrices be ergodic, irreducible 
and primitive. We excluded models that included clonal 
reproduction, two-sex models and those that did not 
exhibit any reproduction. We excluded models with a 
persistent seed bank because it is more difficult to define 
the lifespan in such a model. We included studies with 
any projection interval, and adjusted the time units in all 
calculated measures (e.g. lifespan, variance in lifespan, 
generation time, etc.) to years.

We filtered for models built from data in 
‘Unmanipulated’ conditions, and only models built from 
an individual population or pooled data from multiple 
populations (i.e. we excluded models that are an element-
wise mean of other matrix models). We also restricted 

our data set to models with a population growth rate (� ) 
between 0.5 and 1.5, because extreme � values can arise 
in experimental conditions or can be an indication of 
data quality issues. If populations tend to cycle in their 
abundance but only 1 year of transitions is used to gener-
ate a matrix model, analysis of that model could lead to 
faulty conclusions.

We corrected or excluded models with impossible life 
histories. Specifically, we identified models with nearly 
100% survival in the oldest size classes, which leads to 
‘apparent immortality’. We applied a correction to the 
survival matrices of these models following Hernández 
et  al.  (2023). If the final column sum of U was greater 
than 0.99, we attempted to scale it down to match an-
other matrix from the same study/species, assuming that 
the unrealistically high survival probability was due to 
insufficient sample size in the largest size class. We were 
able to correct all 10 animal population matrices with 
‘apparent immortality’. Among the 2367 plant matrices 
available at this point in the screening, there were 590 
with this issue; 193 of those could not be corrected (and 
therefore were dropped) because no matrix from that 
study/species had a final column sum less than 0.99.

Because many of the calculations require the funda-
mental matrix (N = (I−U)−1), we dropped an additional 
eight plant models for which (I–U) was singular after any 
U corrections as described above.

Finally, we manually screened for errors in represent-
ing the life cycle, following Kendall et  al.  (2019). In pre-
breeding models, fertility rates must account for survival of 
offspring over the first time step. In post-breeding models, 
fertility transitions must account for the survival of adults, 
and juveniles should reproduce in the first time step that 
they become mature. In the few models which used birth-
flow designs, we checked that fertility rates accounted for 
newborn survival until age 0.5 (because the average off-
spring is 0.5 time steps old at the time of the census).

For IPMs, the additional considerations were to in-
clude only deterministic, density-independent models for 
which the projection kernel K  is a simple sum of a fertil-
ity kernel F  and a survival-growth kernel P. Unrealistic 
survival leading to ‘apparent immortality’ was also an 
issue with some of the IPMs, but required a different 
correction approach. For each IPM, we calculated sur-
vival probability as the column sums of the discretized P 
kernel. Because IPM kernels are generally built outside 
of the range of observed individuals, we restricted our 
requirement of survival values to the range of size bins 
(1:k) corresponding to 99% of the stable age/size distribu-
tion. If there were any size bins in the 1:k range that had 
a survival probability greater than 0.99, then we rejected 
the model as being poorly fit (generally these are based 
on logistic regression with an asymptote at 1). If the sur-
vival probability was less than 0.99 for all size bins in 
1:k, then we capped the probability of survival for any 
size bins larger than k to the probability of survival in 
size bin k.
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After applying our selection criteria, our data set 
consisted of 1489 structured population models. There 
were 462 models representing 80 animal species (450 
matrix models and 12 IPMs), and 1024 models repre-
senting 160 plant species (1017 matrix models and seven 
IPMs).

Calculations

We implemented IPMs numerically using a bin-to-bin 
integration method, which is equivalent to a large ma-
trix projection model. We therefore present our calcula-
tions in the notation and language of matrix projection 
models.

Moments of lifetime reproductive 
output and lifespan

We calculated the mean, variance and skewness of LRO 
using the framework of Markov Chains with rewards 
(Caswell,  2013; van Daalen & Caswell,  2017). In this 
framework, living individuals move through a set of 
transient states according to a matrix of state-dependent 
transition probabilities, and accrue rewards each time 
step according to the state- or transition-dependent 
probability distribution of reproductive output (‘reward 
matrix’). Death is an absorbing state; dead individuals 
no longer change state and no longer accumulate re-
wards. The LRO of an individual is their total accumu-
lated reward at the time of their death. van Daalen and 
Caswell  (2017, Theorem  1) give formulas for the first, 
second and third moments of LRO conditional on start-
ing state, in terms of the first, second and third moments 
of the matrix of state-specific ‘rewards’ (annual repro-
ductive output). For LRO, we defined the reward ma-
trices in standardized units of reproductive success (see 
Standardized units of LRO below).

We assumed that individual reproductive output per 
time step was Poisson-distributed with the mean condi-
tional on the individual's state. The models we analysed 
report the mean per capita offspring production for each 
(st)age class, which implicitly combines two processes: 
the state-dependent probability of breeding and the 
state-dependent mean reproductive output of breed-
ers. If we knew the breeding probability for each (st)age 
class, we could use a zero-inflated Poisson distribution 
to account for non-breeders. However, as long as more 
than 50% of the population is breeding, zero-inflation 
has a limited effect on the scaling between mean repro-
ductive output and the second and third moments of 
reproductive output (Figure S1) and therefore a limited 
effect on the inferred moments of LRO. It is also import-
ant to note that the Poisson distribution is applied only 
within each age/stage/size class. The population-level 
distribution of clutch sizes depends on the distribution 

of individual states within the population, and need not 
follow a Poisson distribution. The equations to calcu-
late mean, variance and skewness of LRO are given in 
Appendix Section S1.

The mean, variance and skewness of lifespan can be 
calculated as a special case where individuals accumu-
late exactly one unit of reward for each time step they are 
alive. The moments of lifespan conditional on starting 
state are given in Caswell  (2013, Equations 21–23). The 
equations that we used to calculate mean, variance and 
skewness of lifespan are given in Appendix Section S2.

Mixing distribution

In the calculations described so far, the mean, variance 
and skewness are conditional on the starting state of an 
individual. For example, mean lifespan is calculated as 
a vector with entry Li being the expected lifespan of an 
individual that starts life in state i. In age-structured 
models, all individuals are born into the youngest age 
class. However, in size- or stage-structured models, in-
dividuals may start in multiple states. In that case, we 
must calculate the mean, variance and skewness in lifes-
pan by averaging over the possible starting states. This 
averaging is achieved by applying a mixing distribution 
for initial state and the law of total variance or total cu-
mulance (see Appendix Section S1 for more details and 
equations).

We selected a standard mixing distribution, the distri-
bution of offspring types in a cohort born at the stable 
population distribution:

where w is the dominant right eigenvector of the popula-
tion projection matrix (A). Note that �z is also the proba-
bility of being born into each state, when the population is 
at its stable population distribution.

Standardized units of LRO

Typically, the rewards matrix is calculated using the total 
stage-specific reproductive output, that is, the column 
sums of F (van Daalen & Caswell, 2017). Here, we instead 
defined rewards matrices that used standardized units of 
LRO. There are three major reasons for this standardi-
zation. First, within a single population model, it may 
be possible to produce multiple types of offspring that 
are not worth the same amount: A seedling is less likely 
to contribute to future population growth than a first-
year flowering offspring. Second, offspring accounting 
can vary across species: for example, a fish model may 
count eggs as reproductive output, while a mammalian 
model may count live births (but not the fertilized eggs 
in unviable pregnancies). Finally, whether the model is 

(1)�z =
Fw

∥ Fw ∥
,
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constructed as a pre- or post-reproductive census deter-
mines whether offspring are counted after or before first-
year mortality.

To have consistent units of LRO, we defined rewards 
as offspring that survive to adulthood. Specifically, off-
spring are weighted by their probability of surviving to 
reproduce, and the total number of weighted offspring 
is the standardized reproductive output. For example, 
adults that produce both seeds and seedlings will accrue 
fewer LRO rewards from the seeds than the seedlings.

As mentioned previously, we assumed that stage-
specific offspring production was Poisson-distributed, 
with means given by the values in the fertility matrix (F). 
Therefore, we derived the stage-specific probability of 
breeding (having more than 0 offspring) from the proba-
bility mass function of the Poisson distribution, as:

where fi is the ith column sum of F. Note that pb is a col-
umn vector with a probability of breeding in the next time 
step for each age/stage/size class.

We calculated the probability of surviving to repro-
duce at least once (i.e. entering the breeding population, 
B), conditional on individual birth state (z0), following 
Ellner et al. (2016, p. 67), as:

where N0 is the fundamental matrix for a modified state 
transition matrix where reproduction is an absorbing state.

Finally, we generated the expected rewards matrix 
(R1 ) by multiplying each nonzero entry Fij by the ith 
entry of Equation (3).

Decomposition of variance and skewness: 
Types of luck

To understand how different categories of luck drive 
overall variation in lifetime outcomes, we decomposed 
each of our lifetime outcome measures into contribu-
tions from different categories of luck, using the ap-
proach of Snyder et al. (2021). Birth state luck is variation 
in outcomes resulting from individuals by chance hav-
ing different states at birth (e.g. different sizes). Survival 
trajectory luck is variation in outcomes resulting from 
the fact that each year, among individuals with the same 
state and therefore the same mortality risk, some will live 
and some will die. Growth trajectory luck is variation in 
outcomes due to the fact that individuals with the same 
state at any time t will by chance have different states at 
time t + 1. Fecundity luck (which only affects LRO meas-
ures) is variation in LRO due to chance differences in ac-
tual annual offspring production among individuals who 
have the same sequence of state transitions from birth to 
death.

Elsewhere we have derived methods to calculate se-
quentially the expected contribution of each type of luck 
at each age of life to the lifetime reproductive variance 
and skewness (Snyder et al., 2021; Snyder & Ellner, 2024). 
The idea behind the approach is that learning the actual 
outcome of one more event in an individual's life (rather 
than knowing just the range of possible outcomes and 
their probabilities) changes the distribution of the out-
come measure conditional on every event so far in the in-
dividual's life. For example, knowing that an individual 
survived from age 4–5 years in an age-structured model 
changes the conditional mean of LRO: from the mean 
conditional on survival, growth and reproduction up to 
age 4 years, to the mean conditional on all of those things 
plus survival to age 5 years. The amount of change by 
the inclusion of an additional stage transition measures 
the importance of survival luck at age 4 years for that 
outcome measure. Snyder et  al.  (2021, pp. E112–E117) 
derived explicit formulas for all such age-specific contri-
butions to LRO and lifespan variance, for any density-
independent matrix or integral projection model, and 
have extended those calculations to skewness (Snyder & 
Ellner, 2024). Here, we only consider the total contribu-
tion of each type of luck, calculated by summing each 
type over all ages. To ensure that the sum over all ages 
includes all possible life histories, we set the maximum 
age in the sum to 300 years for animals, and 5000 years 
for plants.

Model structure and life history traits

We investigated how life history traits and model struc-
ture covariates impact luck by exploring relationships 
of our four luck measures with six life history traits and 
three model characteristics. For model characteristics, 
we looked at (1) population growth rate (�, the leading ei-
genvalue of the projection matrix or kernel), (2) the num-
ber of stages in the model (for matrix population models 
only) and (3) taxonomic class (animals) or organismal 
growth form (plants).

We selected life history traits that can be calculated 
directly from the population projection matrix (or ker-
nel). We calculated three traits related to the pace of life: 
longevity, expected age at first reproduction and gen-
eration time. We also calculated three traits related to 
reproductive strategy: precocity, iteroparity and average 
clutch size.

Longevity
We define longevity as the expected total lifespan of 
adults (individuals that reproduce at least once) rather 
than the expected lifespan of all individuals, in order 
to avoid sensitivity to early life processes. When early 
life mortality is very high, expected lifespan will be low 
even if a typical adult lives a long time. For example, 
bluefin tuna can live 30 years, but early life mortality is 

(2)pb = 1 − e−fi ,

(3)ℙ
(
B| z0

)
= pT

b
N0,
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over 99% and most individuals die very young. For brev-
ity, we will refer to the expected lifespan of individuals 
who reproduce at least once as ‘longevity’ from here on.

We computed longevity from an expanded Markov 
chain with two absorbing states: dead with LRO equal to 
zero (Ω1) or greater than zero 

(
Ω2

)
:

where T contains the transition probabilities for surviv-
ing and not reproducing, B contains the transition prob-
abilities for surviving and reproducing and U contains 
total survival probabilities, as usual. The mortality vec-
tor M contains the state-dependent probability of death, 
which is not affected by past reproductive output.

Longevity is calculated as the expected time to ab-
sorption conditional on absorption into Ω2. Using stan-
dard Markov chain methods, we calculated the transition 
matrix (4) conditional on absorption into Ω2 and the 
mean time to absorption for that matrix (see e.g. Snyder 
& Ellner, 2016). The full set of equations is provided in 
Appendix Section S3.

Age of maturity
We calculated the age of maturity as the expected age 
at which an individual will first reproduce (Cochran & 
Ellner,  1992). Specifically, we calculated the expected 
lifespan in a modified Markov Chain where individuals 
are ‘absorbed’ when they first reproduce (Caswell, 2001, 
Section 5.3.3).

Generation time
There are multiple definitions of generation time. We 
selected Ta, the time between successive birth events in 
the ancestral genealogy of an individual (Bienvenu & 
Legendre, 2015), which is equivalent to the mean age of 
parents of a cohort of offspring produced at the stable 
stage distribution (A, Cochran & Ellner,  1992). For a 
thorough comparison of different measures of genera-
tion time, see Ellner (2018). Our selected measure is cal-
culated as:

where w and v are the left and right eigenvectors corre-
sponding to �. These eigenvectors also represent the stable 
stage distribution (w) and reproductive value (v).

We found that, for some models, Ta gives unreasonably 
high values (thousands of years in some herbaceous pe-
rennials, hundreds of years in some marine invertebrates) 
even if the population model seems otherwise reasonable. 
Inspecting these models, it seems that the extremely high 
values of Ta are due to reproductive value (v) that peaks at 

the oldest/largest individuals, which in turn seems to be 
more likely to occur if retrogression is common.

Precocity
We defined precocity as one minus the ratio of mean 
age at first reproduction to mean lifespan for reproduc-
tive individuals. A precocity score close to one indicates 
early life maturity, while a precocity score close to 0 in-
dicates late-life maturity.

Iteroparity
We calculated iteroparity from Demetrius' evolutionary 
entropy (Demetrius, 1977; Demetrius et al., 2009), using 
the Rage package (Jones et al., 2022). Iteroparity scores 
<1 indicate individuals are approximately semelparous, 
while high values indicate that individuals reproduce 
many times.

Average clutch size
We defined average clutch size as the per capita offspring 
production by adults at the stable stage distribution:

where the denominator is the sum of the portion of the sta-
ble stage distribution that is reproductively active (a indi-
cates the adult stages).

RESU LTS A N D INTERPRETATION

Relationships among the response variables

We primarily used Kendall's nonparametric correlation 
coefficient � to quantify and statistically test for relation-
ships among variables, because of the highly non-normal 
distribution of variables.

Variance

Lifespan variance and LRO variance were posi-
tively correlated (Figure  1a,b) for both animals 
(𝜏 = 0.460, p < 0.001 ) and plants (𝜏 = 0.224, p < 0.001). 
This matched our expectations because the number of 
reproductive events should increase with lifespan, and 
the variance of any measure will generally increase with 
the mean. Greater variance in lifespan should therefore 
lead to greater variance in the number of reproductive 
events which, in turn, should generally increase the 
variance in LRO. Although the slope of the relationship 
varied slightly among the well-represented taxonomic 
classes in animals and among growth forms in plants, 
the relationship was positive for all groups (Figure S3).

We were surprised to see that population growth 
rate (�) structured the relationship between variance 

(4)P =

⎛
⎜⎜⎜⎜⎝

T
�×� 0

�×� 0
�×1 0

�×1

B
�×� U

�×� 0
�×1 0

�×1

M1×� 01×� 1 0

01×� M1×� 0 1

⎞
⎟⎟⎟⎟⎠
,

(5)Ta =
�vTw

vTFw
,

(6)Fclutch =
Fw∑
aw

,
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in lifespan and variance in LRO (Figure 1b). Shrinking 
populations (𝜆 < 1) exhibited lower variance in both 
lifespan and LRO than growing populations (𝜆 > 1). We 
investigated a few possible mechanisms that might ex-
plain this relationship, but none were supported (see the 
Discussion). We also observed that some of the micro-
structure, particularly for animals, was related to matrix 
size (Figure  S4). Matrix size may be more meaningful 
in animal models, which were frequently age-structured, 
while nearly all plant models were size-structured.

Skewness

Lifespan skewness and LRO skewness were also posi-
tively correlated (animals: 𝜏 = 0.39, p < 0.001; plants: 
𝜏 = 0.29, p < 0.001). We expected this relationship be-
cause when lifespan is highly skewed, relatively few indi-
viduals survive long enough to reproduce. LRO skewness 
tended to be greater than lifespan skewness (most points 
above the 1:1 line, Figure 1c). The slope of the relation-
ship was positive and similar across most taxonomic 
groups and growth forms, except for a very flat slope 

for mammals (Figure  S5). Unlike variance, the skew-
ness of lifespan and LRO did not show structuring with � 
(Figure S6). Likewise, there was no obvious structuring 
with matrix dimension (Figure S7).

Most populations exhibited lifespan skewness ≥2 
(Figure  1c). If survival rate is independent of age in a 
continuous-time model, lifespan would be exponentially 
distributed, having skewness of 2. In discrete time with 
constant survival probability, lifespan is geometrically 
distributed, and skewness varies between 2.31 and 2 for 
mean lifespans of 1.5 and above. Elevated juvenile mor-
tality, so that many individuals die young but those that 
reach adulthood have roughly constant annual survival, 
produces skewness greater than 2.

Variance and skewness

Variance and skewness were negatively related for both 
lifespan and LRO (Figure 1a,d; Figure S8). In populations 
with greater lifespan variance, the skewness of both lifes-
pan and LRO was decreased. Likewise, in a population 
with greater variance in LRO, there was lower skewness 

F I G U R E  1   Relationships among response variables are strong and consistent across animals and plants. (a) Kendall's rank correlation (�) 
estimates for pairwise relationships among the response variables: variance in lifespan, variance in LRO, skewness of lifespan and skewness of 
LRO. Entries along the diagonal (correlation of a variable with itself) and the repeated pairwise relationships in the lower triangular region are 
blocked in white. Within each square, the rank correlation coefficient (�) is shown for animals on the left and plants on the right. All pairwise 
rank correlation coefficients were statistically significant (p < 0.05). The additional panels show (b) the relationship between lifespan variance 
and LRO variance coloured according to �; (c) the relationship between lifespan skewness and LRO skewness; and (d) the relationship between 
variance and skewness of LRO coloured according to lifespan variance. In panels b–d, each point represents one population model (i.e. a 
particular parameterization of a matrix population model or integral projection model). In panels b–d, both axes are log-scaled. Supplement 
(Figure S2) shows panels b and d with axis labeling according to standard deviation rather than variance.
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8 of 16  |      THE NATURAL HISTORY OF LUCK

of lifespan and LRO. The skew–variance relationship for 
LRO was bounded by a line with a log–log slope of − 1∕2 
(Figure 1d), which is the relationship for Poisson distribu-
tion (skewness = 1∕

√
variance  ). Under our assumptions, 

a population where all individuals reproduce exactly once 
(e.g. biennials) would lie on this line. There are (at least) two 
mechanisms that would move populations to the right of 
the boundary line. First, a zero-inflated Poisson distribu-
tion exhibits higher skewness for a given variance. Second, 
the sum of a geometrically distributed number of Poisson 
distributions (i.e. repeated reproduction over a geometri-
cally distributed lifespan) exhibits higher skewness for a 
given value of variance. High variance in lifespan could 
be caused by both of these phenomena: zero-inflation due 
to individuals that die before reproducing, and geometri-
cally distributed numbers of reproductive events in long-
lived adults. This suggests that LRO would become less 
Poisson-distributed with increased variance in lifespan, 
and this is what we saw (Figure 1d).

Relationships between response variables and life 
history traits

Life history traits

Many of the life history traits we examined were positively 
correlated in pairwise comparisons: longevity, age of ma-
turity, generation time and iteroparity (Figure 2). Precocity 
showed weak positive relationships with longevity, 

iteroparity and average clutch size. Longevity sets the pos-
sible scope for many of the traits that we examined. For 
example, if longevity is low, then generation time must also 
be low. Likewise, high iteroparity requires high longevity,1 
and precocity was measured relative to longevity (the ex-
pected lifespan of reproductive individuals).

Larger average clutch size was associated with earlier 
maturity, shorter mature lifespan, shorter generation 
times and less iteroparity. This is consistent with a life 
history trade-off between reproductive investment and 
adult survival.

Variance

In both plants and animals, high lifespan variance was 
strongly associated with greater longevity (Figure  2). 
The life history traits that were positively correlated with 
longevity were also positively related to variance in lifes-
pan (Figure 2; Figures S9 and S10). Conversely, popula-
tions with high average clutch size tended to have low 
variance in lifespan.

Variance in LRO exhibited positive relationships 
for precocity, iteroparity and clutch size (Figure  2; 
Figure  S11). Precocity and iteroparity likely influence 

 1This is not necessarily the case, but our definition of iteroparity is linked to 
the model time step. When model time step is short, it is possible to calculate 
high iteroparity but longevity much shorter than 1 year (e.g. Caenorhabditis 
elegans). However, most models in this study have a time step of 1 or 5 years (in 
the case of long-lived trees and palms).

F I G U R E  2   Plants and animals vary in the observed relationships between life history traits and response variables, despite consistent 
relationships among life history traits across kingdoms. Rank correlation coefficient (�) estimates for (Left) relationships among life history 
traits and (Right) relationships between each of the response variables (variance in lifespan, variance in lifetime reproductive output [LRO], 
skewness of lifespan and skewness of LRO) and life history traits. Within each square, the estimate of � is shown for animals on the left and 
plants on the right. All depicted � estimates are statistically significant (p < 0.05); grey fill indicates a non-significant relationship.
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variance in LRO through their effects on the mean and 
variance in the number of reproductive events that indi-
viduals experience (i.e. the argument that we made above 
to explain why variance in lifespan and variance in LRO 
should be positively correlated). Higher average clutch 
size increased variance in LRO because we represented 
reproduction as a Poisson process (the Poisson distribu-
tion has variance equal to its mean).

Although variance in lifespan and variance in LRO 
were positively correlated, they did not always show 
the same relationships with life history processes. We 
expected variance in LRO to increase with greater lon-
gevity, but this was observed only in animals (no sig-
nificant relationship was observed in plants). In fact, 
other traits that were positively related to longevity—
late age of maturity and long generation time—were re-
lated to decreased variance in LRO for plants (Figure 2; 
Figure S12).

It is possible that the positive relationship between 
variance in LRO and average clutch size is enough to 
account for this surprising negative relationship of vari-
ance in LRO with generation time and age of maturity in 
plants. If average clutch size were the dominant driver of 
variance in LRO, then a negative relationship between 
variance in LRO and generation time could be the result 
of the negative relationship between average clutch size 
and generation time. As we argued above, the negative 
relationship between clutch size and generation time 
may be a consequence of life history trade-offs.

Skewness

Skewness of lifespan generally exhibited weak relation-
ships with the life history traits we considered (Figure 2; 
Figures  S13–S16). Surprisingly, these relationships 
tended to be in the opposite directions for plants and 
animals: a larger clutch size was associated with greater 
skewness in lifespan in animals, but lower skewness in 
lifespan in plants. This difference may be related to a dif-
ference in the shape of survival curves between plants 
and animals. The animal models we analysed were domi-
nated by mammals and birds which generally have much 
lower clutch sizes and higher early life survival than 
plants. In fact, when we separated out fish, which tend to 
have survival schedules and clutch sizes more similar to 
plants than to birds, we found that fish have correlations 
in the opposite direction from the other animal popula-
tions, and in agreement with plants (Figure S17).

Because there was a strong negative relationship be-
tween variance and skewness in LRO, skewness and 
variance of LRO often related to life history traits in 
opposite ways. In animals, the five life history traits 
that showed significant positive relationships with LRO 
variance all show significant negative relationships with 
LRO skewness. In plants, all of the relationships flip sign 
as expected except for iteroparity, which shows a weak 

positive relationship with variance in LRO and a stron-
ger positive relationship with skewness in LRO.

Contributions of multiple types of luck to 
variance and skewness

Variance

Variance in lifespan overwhelmingly tended to come 
from uncertainty in the survival trajectory in animals, 
with more contributions from the growth trajectory in 
plants (Figure  S18). In an age-structured model, the 
‘growth trajectory’ is simply the deterministic process 
of becoming a year older with each time step, so there 
is no growth trajectory luck. Animal models are much 
more frequently age-structured while plant models are 
more usually size-structured, which accounts for the 
difference in the role of growth trajectory in determin-
ing variance in lifespan. Uncertainty in the birth state 
played a very small role, accounting for less than 3% of 
the variance in all animal models, and less than 5% of the 
variance in 95% of the plant models.

Variance in LRO was determined primarily by sur-
vival trajectory luck and fecundity luck (Figure 3). In an-
imal models, which are mostly age-structured, survival 
trajectory luck tended to be more important than fecun-
dity luck. In plant models, fecundity luck tended to be far 
more important than survival trajectory luck. The large 
role for fecundity luck is in part a consequence of the 
way we defined the rewards matrix. When we standard-
ized stage-specific reproductive output (the F matrix) by 
an offspring's probability of surviving to reproduce at 
least once, the luck of survival or death during the pre-
reproductive period was shifted from survival trajectory 
luck to fecundity luck. For more mathematical details on 
how variance partitioning is impacted by standardizing 
F, see Appendix Section S4.

The dominant component of variance in LRO showed 
a sharp shift between shrinking and growing popula-
tions in both animals (Figure 4a) and plants (Figure 5a). 
In shrinking populations (𝜆 < 1), fecundity luck is the 
largest contributor to total variance in LRO. In growing 
populations (𝜆 > 1), survival luck contributes the same 
amount or more than fecundity luck to total variance 
in LRO. This means that, in shrinking populations, in-
dividuals with particularly high LRO would tend to be 
those who have above-average clutch sizes. In growing 
populations, individuals with particularly high LRO 
would tend to be those that survive longer than average.

Skewness

Skewness in lifespan and LRO showed a markedly dif-
ferent pattern. The contributions from survival trajec-
tory luck to skewness in lifespan are centered on 100%, 
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10 of 16  |      THE NATURAL HISTORY OF LUCK

and both growth trajectory luck and birth state luck are 
centered on 0 (Figure S19). For LRO, contributions from 
survival trajectory luck tended to account for more than 
100% of the skewness while contributions from growth 
trajectory luck and fecundity luck were negative, de-
creasing the overall skewness of LRO (Figure 6).

Life history traits and components of variance 
in LRO

Finally, we explored how life history traits influenced 
the proportional contributions to variance in LRO. We 
examined exploratory scatter plots (not shown), and dis-
cuss here only the life history traits that influenced the 
components of variance in LRO.

In animals, the proportion of variance in LRO due to 
fecundity luck versus survival luck depended on repro-
ductive strategy traits (Figure 4). As precocity, iteropar-
ity and mean clutch size increased, survival trajectory 
luck became more important in determining total vari-
ance in LRO. In highly precocious animals, nearly all 
individuals will survive to reproduce at least once, so 
the variance in LRO is generated by differences in indi-
viduals' survival trajectories. In populations with very 

low iteroparity, the typical individual reproduces only 
once, so fecundity luck dominates. And when average 
clutch size is large, a typical reproductive individual 
will have at least one offspring every year, so the sur-
vival trajectory is the main determinant of becoming a 
‘lucky’ reproducer who contributes many offspring to 
the population.

In plants, variance in LRO showed important contri-
butions from three kinds of luck: survival, growth and 
fecundity. The proportion of variance in LRO contrib-
uted by growth luck did not change dramatically with 
different life history traits. Fecundity luck showed an in-
creasing importance as generation time increased, but a 
decreasing importance as longevity increased. Survival 
luck tended to dominate the variance in LRO in popula-
tions with high longevity, while fecundity luck was dom-
inant in populations with long generation time. Like we 
saw for animals, greater precocity was associated with 
larger contribution of survival luck to variance in LRO. 
Highly precocious populations may still have high lon-
gevity (they start reproducing long before they die), and 
so differences in the survival trajectory separate individu-
als with high LRO from those with low LRO. Populations 
with extremely long generation time may be declining 
populations that are dominated by old individuals with 

F I G U R E  3   Variance in lifetime reproductive output (LRO) is primarily driven by survival trajectory luck and fecundity luck, in both plants 
and animals. Decomposition of variance in LRO into proportional contributions from survival, growth and fecundity luck. We do not show 
birth state luck here because it contributes less than 5% of the variance in LRO in all of the animal models, and in nearly all (95%) of the plant 
models.

Animals

Proportion from Survival Trajectory Luck

F
re

qu
en

cy

0.0 0.2 0.4 0.6 0.8 1.0

0
20

40
60

Proportion from Growth Trajectory Luck

F
re

qu
en

cy

0.0 0.2 0.4 0.6 0.8 1.0

0
20

0
40

0

Proportion from Fecundity Luck

F
re

qu
en

cy

0.0 0.2 0.4 0.6 0.8 1.0

0
20

60

Plants

Proportion from Survival Trajectory Luck

F
re

qu
en

cy

0.0 0.2 0.4 0.6 0.8 1.0

0
10

0
30

0

Proportion from Growth Trajectory Luck

F
re

qu
en

cy

0.0 0.2 0.4 0.6 0.8 1.0

0
20

0
50

0

Proportion from Fecundity Luck

F
re

qu
en

cy

0.0 0.2 0.4 0.6 0.8 1.0

0
10

0
20

0

 14610248, 2024, 3, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/ele.14390 by C

ornell U
niversity Library, W

iley O
nline Library on [05/09/2024]. See the Term

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline Library for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons License



      |  11 of 16HERNÁNDEZ et al.

high survival; in these populations, variation in fecun-
dity primarily generates the variation in LRO.

DISCUSSION

The study of ‘luck’ in individual life histories in re-
cent decades has been motivated in part by a desire 
to understand the drivers of reproductive skew, a fre-
quently observed phenomenon wherein a small num-
ber of individuals produce most of the offspring. 
These exceptional or ‘lucky’ individuals therefore 
contribute disproportionately to population main-
tenance and growth. Past studies (e.g. Jenouvrier 
et  al.,  2022; Snyder & Ellner,  2016, 2018; van Daalen 
et al., 2022), have focused in detail on a limited number 
of well-parameterized populations to explore the driv-
ers of variance and quantify the contributions from 

individual phenotypic traits (‘individual heterogene-
ity’) and luck (‘individual stochasticity’). Here, we fo-
cused on models where individuals vary only in their 
age, size or stage but without additional phenotypic 
variation, to explore the natural history of luck across 
many plant and animal models. We explored the rela-
tionships among different measures of luck: variance 
and skewness in both lifespan and LRO. Furthermore, 
we asked: in what settings (e.g. taxa, life history strat-
egies, population growth vs decline) does luck (of 
various kinds) play a large role in determining an indi-
vidual's lifespan or LRO?

Our first result, that there is a positive relationship 
between variance in lifespan and variance in LRO, con-
tradicts the results of another study, also using models 
from the COM(P)ADRE databases. Varas Enríquez 
et  al.  (2022) found no relationship between variance 
in LRO and standard deviation of lifespan. When we 

F I G U R E  4   Population growth rate and reproductive strategy traits influence the proportion of variance in lifetime reproductive output 
(LRO) due to survival versus fecundity luck in animals. We plot the proportion of total variance in LRO from survival trajectory luck, growth 
trajectory luck and fecundity luck for animals as a function of: (a) population growth rate �, (b) precocity, (c) iteroparity and (d) mean clutch 
size. For each sub-panel, data are grouped into 17–23 bins. Lines represent the median value in each bin, and the bars mark the 25% and 75% 
quantiles (plotted at each bin's midpoint).
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12 of 16  |      THE NATURAL HISTORY OF LUCK

calculated variance in lifespan and LRO using raw off-
spring counts, rather than our standardized rewards 
matrix, we also found no correlation between these mea-
sures (not shown). However, as outlined in the Methods, 
we calculated the moments of LRO using standardized 
units of reproductive output. Much of the cross-species 
variation in LRO variance using raw offspring counts 
results from the difference between producing many 
offspring with high juvenile mortality, and producing 
few offspring with low juvenile mortality. Our standard-
ization removes or at least ameliorates this source of 
between-species variation, making it possible to detect 
the expected correlation between variance in lifespan 
and variance in LRO.

We found that growing populations (𝜆 > 1) had higher 
variances in lifespan and LRO than shrinking popula-
tions, and their variance in LRO was dominated by sur-
vival luck instead of fecundity luck. We hypothesized 
that the unexpected correlations between � and variance 

in lifetime success might be the result of � and lifetime 
success variance both having positive correlations with 
some third variable. We explored several candidates for 
what that third variable might be: stable population (st)
age structure, mean lifespan and the relative total elastic-
ities of � or net reproductive rate (R0) to survival versus 
fecundity. However, in our collection of empirical mod-
els, none of these candidates proved to have nontrivial 
(or any) positive correlations with both � and variance in 
lifetime outcomes.

Possibly, the most important results of this article are 
the observed negative relationships between variance 
and skewness. Skewness in lifespan or LRO both tended 
to decrease with increasing variance in lifespan or LRO 
(Figure  1a,d; Figure  S8). This confounds the often-
repeated justification of the study of drivers of variance 
as a way to understand drivers of high reproductive 
skew. We found instead that populations with very high 
variance tend to be those with many opportunities to 

F I G U R E  5   Population growth rate and pace-of-life traits influence the proportion of variance in LRO due to survival versus fecundity luck 
in plants. We plot the proportion of total variance in LRO from survival trajectory luck, growth trajectory luck and fecundity luck for animals 
as a function of: (a) population growth rate �, (b) generation time, (c) longevity (lifespan of reproductive individuals) and (d) precocity. For 
each sub-panel, data are grouped into 12–20 bins. Lines represent the median value in each bin, and the bars mark the 25% and 75% quantiles 
(plotted at each bin's midpoint).
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reproduce (precocious, highly iteroparous and large av-
erage clutch sizes, Figure S11), and the resulting LRO has 
a wide distribution, but low skew. The distinct drivers 
of variance and skewness are further revealed by our 
decomposition of variance and skewness. We found 
that variance in lifespan and LRO were determined 
jointly by survival, growth and fecundity luck (Figure 3; 
Figure S18), but that skewness in both lifespan and LRO 
were overwhelmingly due to survival luck, with other 
components decreasing skewness (if present) (Figure 6; 
Figure S19).

Although variance in LRO does not predict reproduc-
tive skew, it still creates inequality among individuals 
in their contribution to future generations, and conse-
quently, high LRO variance increases genetic drift. In 
particular, Hill (1972) showed that the effective popula-
tion size is inversely proportional to the variance of LRO, 
all else being equal, even with overlapping generations. 
Skewness and other properties of the LRO distribu-
tion also have evolutionary impacts. For example, LRO 
variance alone is not sufficient to predict the fixation 
probability of a weakly beneficial allele (Tuljapurkar & 
Zuo, 2022).

Loss of genome-wide genetic variation, due to luck-
based drift or other factors, can be a significant risk 
factor in small populations of conservation concern 

(Kardos et al., 2021). Plant species classified as vulner-
able, endangered or critically endangered (IUCN) are 
more likely to have negative population growth rates, 
and their life history strategies were characterized by 
relatively fast growth, short mature life expectancy, 
low iteroparity and low reproductive output (Salguero-
Gómez, 2017). Based on our results, luck is unlikely to 
further work against these endangered taxa. Instead, we 
expect the greatest variance in LRO in rapidly growing 
populations, and in populations with high values of the 
life history traits longevity, clutch size and iteroparity. 
Therefore, we would expect especially high and worri-
some genetic drift in populations recovering from distur-
bances. This has important implications for population 
resilience (Capdevila et al., 2022) and the preservation of 
intraspecific biodiversity.

On the whole, our results show that between-species 
variation in longevity drives most of the patterns relating 
luck to life history strategy. We found a positive relation-
ship between longevity and variance in lifespan, in line 
with evidence that taxa with slow life histories exhibit 
greater variation in lifespan (van de Walle et  al.,  2023). 
This is in contrast to work on aging in humans and pri-
mates (Colchero et  al.,  2016) and angiosperm plants 
(Baudisch et al., 2013) that found higher longevity to be 
associated with greater senescence and lower variance in 

F I G U R E  6   Skewness in LRO is overwhelmingly due to survival trajectory luck. Decomposition of skewness in LRO into contributions 
from survival, growth and fecundity luck. We do not show birth state here because it contributes less than 1% of the variance in LRO in all of 
the animal models, and in nearly all (99.6%) of the plant models.
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lifespan. Many of the other life history traits we examined 
were positively related to longevity, so transitive logic ex-
plains many of the observed relationships between life 
history traits and the response variables. Clutch size was 
not positively related to longevity, but these two traits 
may be connected through a life history trade-off (van de 
Walle et al., 2023). High parental investment per offspring 
in mammals (i.e. small clutch size and late age of wean-
ing) was associated with greater early life survivorship 
and a shift in the pattern of survivorship and longevity 
(Lynch et al., 2010). From the perspective of adults, taxa 
that invest heavily in reproduction tend to reach smaller 
terminal sizes and have lower longevity, so we expect a 
negative correlation between longevity and clutch size 
(Stearns, 1989), as we observed (Figure 2). Overall, large 
clutch size is a hallmark of a ‘fast’ life history.

We found that the patterns among our response 
variables were strong and consistent across both plants 
and animals (Figure  1), but that relationships between 
life history traits and luck differed between kingdoms 
(Figure 2). Plants and animals have broadly similar pat-
terns of variance and skewness of LRO, but the axes 
of life history strategies (when variance and skewness 
are included) differ between plants and animals (Varas 
Enríquez et al., 2022). The disparity in how life history 
traits relate to measures of luck could be due to both real 
differences in life history of plants and animals (e.g. ret-
rogression and dormancy in plants) and differences in 
modelling approaches (i.e. animals tend to be modelled 
with ages or developmental stages, while plants are over-
whelming modelled with size classes).

Geographic, taxonomic and life history biases in eco-
logical research significantly limit our ability to answer 
ecological questions and monitor biodiversity. Species 
occurrence data in biodiversity databases covers only 
6.74% of the globe, with observations concentrated in 
the Global North (Hughes et al., 2021). Taxonomically, 
public interest rather than research effort correlated 
with biodiversity coverage, with major underrepresen-
tation of all classes of invertebrate animals, as well 
as fungi, lichens, ferns, mosses and algae (Troudet 
et  al.,  2017). Similarly, observations in our data set 
were concentrated in the Global North and in species 
of management interest for harvesting or conservation. 
Demographic studies in animals that met our screening 
criteria came primarily from vertebrates (93.5%), par-
ticularly mammals (59.5%), birds (18%) and bony fish 
(11.5%), whereas about 90% of named animal species 
are invertebrates, with insects making up about 75%. In 
plants, we excluded all models with clonal reproduction, 
despite the importance and commonness of clonal re-
production in plants. In order to census clonal plants, 
researchers must choose thresholds (e.g. distance from 
the parent plant) for determining where one individual 
ends and another begins. These thresholds introduce 
variation that would confound our cross-model com-
parisons of luck measures. Future work should focus on 

standardizing demographic methods for analysing pop-
ulations that exhibit clonal reproduction and expanding 
the number of models available for invertebrate taxa.

In conclusion, we found that our four measures of 
luck—the response variables (1) variance in lifespan, 
(2) variance in LRO, (3) skewness of lifespan and (4) 
skewness of LRO—showed remarkable range across the 
available demographic models for plants and animals. 
We found that populations with high variance in lifespan 
tend to have high variance in LRO as well, because an 
individual's lifespan controls their opportunities for re-
production in these discrete time models. We found that 
high variance in a given lifetime outcome does not pre-
dict high skewness, and therefore we conclude that vari-
ance by itself is not a complete measure of inequality in 
LRO and lifespan. Longevity (mean lifespan of individu-
als that reproduce at least once) emerged as an important 
life history trait, and survival luck played a strong role in 
determining whether an individual achieved particularly 
high reproductive output, as well as whether they lived 
particularly long. We found that survival luck dominates 
variance in LRO in growing populations, while fecun-
dity luck is more important in shrinking populations. 
Taken together, our results suggest that genetic drift due 
to variance in LRO could prove detrimental to recover-
ing populations of long-lived iteroparous species.

AU T HOR CON TR I BU T IONS
All authors contributed to conceiving the project. CMH 
did most of the coding, with input from RES and SPE. 
CMH performed analyses and visualization, and wrote 
most of the first draft. All authors discussed all aspects 
of the research, and contributed to the writing of the sub-
mitted article.

ACK NOW LEDGEM EN TS
This research was supported by US NSF grants DEB-
1933497 (CMH, SPE and GH) and DEB-1933612 (RES). 
We are very grateful to Roberto Salguero-Gomez and 
the COMPADRE/Padrino teams for building and main-
taining databases of structured population models. We 
thank Peter Adler, Chris Terry, Sam Gascoigne and five 
anonymous reviewers for comments on the article.

DATA AVAILABILITY STATEMENT
The data that support the findings of this study are 
openly available in Zenodo at http://​doi.​org/​10.​5281/​ze-
nodo.​8199886.

ORCI D
Christina M. Hernández   https://orcid.
org/0000-0002-7188-8217 
Stephen P. Ellner   https://orcid.
org/0000-0002-8351-9734 
Robin E. Snyder   https://orcid.
org/0000-0002-6111-0284 
Giles Hooker   https://orcid.org/0000-0003-2648-1167 

 14610248, 2024, 3, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/ele.14390 by C

ornell U
niversity Library, W

iley O
nline Library on [05/09/2024]. See the Term

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline Library for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons License

https://doi.org/10.5281/zenodo.8199886
https://doi.org/10.5281/zenodo.8199886
https://orcid.org/0000-0002-7188-8217
https://orcid.org/0000-0002-7188-8217
https://orcid.org/0000-0002-7188-8217
https://orcid.org/0000-0002-8351-9734
https://orcid.org/0000-0002-8351-9734
https://orcid.org/0000-0002-8351-9734
https://orcid.org/0000-0002-6111-0284
https://orcid.org/0000-0002-6111-0284
https://orcid.org/0000-0002-6111-0284
https://orcid.org/0000-0003-2648-1167
https://orcid.org/0000-0003-2648-1167


      |  15 of 16HERNÁNDEZ et al.

R E F ER E NC E S
Allainé, D., Pontier, D., Gaillard, J.M., Lebreton, J.D., Trouvilliez, 

J. & Clobert, J. (1987) The relationship between fecundity and 
adult body weight in homeotherms. Oecologia, 73, 478–480.

Baudisch, A., Salguero-Gómez, R., Jones, O.R., Wrycza, T., Mbeau-
Ache, C., Franco, M. et al. (2013) The pace and shape of senes-
cence in angiosperms. Journal of Ecology, 101, 596–606.

Bienvenu, F. & Legendre, S. (2015) A new approach to the genera-
tion time in matrix population models. American Naturalist, 185, 
834–843.

Capdevila, P., Stott, I., Cant, J., Beger, M., Rowlands, G., Grace, M. 
et  al. (2022) Life history mediates the trade-offs among differ-
ent components of demographic resilience. Ecology Letters, 25, 
1566–1579.

Caswell, H. (2001) Matrix population models, 2nd edition. Sunderland, 
MA: Sinauer Associates.

Caswell, H. (2013) Sensitivity analysis of discrete Markov chains 
via matrix calculus. Linear Algebra and its Applications, 438, 
1727–1745.

Cochran, M.E. & Ellner, S. (1992) Simple methods for calculating age-
based life history parameters for stage-structured populations. 
Ecological Monographs, 62, 345–364.

Colchero, F., Rau, R., Jones, O.R., Barthold, J.A., Conde, D.A., 
Lenart, A. et  al. (2016) The emergence of longevous popula-
tions. Proceedings of the National Academy of Sciences, 113, 
E7681–E7690.

Cressler, C.E., Bengtson, S. & Nelson, W.A. (2017) Unexpected non-
genetic individual heterogeneity and trait covariance in Daphnia 
and its consequences for ecological and evolutionary dynamics. 
The American Naturalist, 190, E13–E27.

de Roos, A.M., Persson, L. & McCauley, E. (2003) The influence of 
size-dependent life-history traits on the structure and dynamics 
of populations and communities. Ecology Letters, 6, 473–487.

Demetrius, L. (1977) Measures of fitness and demographic stability. 
Proceedings of the National Academy of Sciences, 74, 384–386.

Demetrius, L., Legendre, S. & Harremöes, P. (2009) Evolutionary en-
tropy: a predictor of body size, metabolic rate and maximal life 
span. Bulletin of Mathematical Biology, 71, 800–818.

Dietze, M.C. (2017) Prediction in ecology: a first-principles frame-
work. Ecological Applications, 27, 2048–2060.

Ellner, S.P. (2018) Generation time in structured populations. 
American Naturalist, 192, 105–110.

Ellner, S.P., Childs, D.Z. & Rees, M. (2016) Data-driven modelling of 
structured populations: a practical guide to the integral projection 
model. Cham: Springer International Publishing.

Eusemann, P. & Liesebach, H. (2021) Small-scale genetic structure 
and mating patterns in an extensive sessile oak forest (Quercus 
petraea (Matt.) Liebl.). Ecology and Evolution, 11, 7796–7809.

Gerzabek, G., Oddou-Muratorio, S. & Hampe, A. (2017) Temporal 
change and determinants of maternal reproductive success in an 
expanding oak forest stand. Journal of Ecology, 105, 39–48.

Goodwin, J.C.A., King, R.A., Jones, J.I., Ibbotson, A. & Stevens, J.R. 
(2016) A small number of anadromous females drive reproduc-
tion in a brown trout (Salmo trutta) population in an English 
chalk stream. Freshwater Biology, 61, 1075–1089.

Healy, K., Ezard, T.H.G., Jones, O.R., Salguero-Gómez, R. & 
Buckley, Y.M. (2019) Animal life history is shaped by the pace of 
life and the distribution of age-specific mortality and reproduc-
tion. Nature Ecology & Evolution, 3, 1217–1224.

Hernández, C.M., Ellner, S.P., Adler, P.B., Hooker, G. & Snyder, R.E. 
(2023) An exact version of Life Table Response Experiment anal-
ysis, and the R package exactLTRE. Methods in Ecology and 
Evolution, 14, 939–951.

Hill, W.G. (1972) Effective size of populations with overlapping gener-
ations. Theoretical Population Biology, 3, 278–289.

Hixon, M.A., Johnson, D.W. & Sogard, S.M. (2014) BOFFFFs: on the 
importance of conserving old-growth age structure in fishery 
populations. ICES Journal of Marine Science, 71, 2171–2185.

Houde, E.D. (1989) Comparative growth, mortality, and energetics of 
marine fish larvae: temperature and implied latitudinal effects. 
Fishery Bulletin, 87, 471–495.

Hughes, A.C., Orr, M.C., Ma, K., Costello, M.J., Waller, J., Provoost, 
P. et  al. (2021) Sampling biases shape our view of the natural 
world. Ecography, 44, 1259–1269.

Jenouvrier, S., Aubry, L., van Daalen, S., Barbraud, C., Weimerskirch, 
H. & Caswell, H. (2022) When the going gets tough, the tough get 
going: effect of extreme climate on an Antarctic seabird's life his-
tory. Ecology Letters, 25, 2120–2131.

Jones, O.R., Barks, P., Stott, I., James, T.D., Levin, S., Petry, W.K. 
et al. (2022) Rcompadre and rage—two R packages to facilitate 
the use of the COMPADRE and COMADRE databases and 
calculation of life-history traits from matrix population models. 
Methods in Ecology and Evolution, 13, 770–781.

Jouvet, L., Rodríguez-Rojas, A. & Steiner, U.K. (2018) Demographic 
variability and heterogeneity among individuals within and 
among clonal bacteria strains. Oikos, 127, 728–737.

Juanes, F. & Conover, D.O. (1994) Piscivory and prey size selection in 
young-of-the-year bluefish: predator preference or size-dependent 
capture success? Marine Ecology Progress Series, 114, 59–69.

Kardos, M., Armstrong, E.E., Fitzpatrick, S.W., Hauser, S., Hedrick, 
P.W., Miller, J.M. et al. (2021) The crucial role of genome-wide 
genetic variation in conservation. Proceedings of the National 
Academy of Sciences, 118, e2104642118.

Kendall, B.E., Fujiwara, M., Diaz-Lopez, J., Schneider, S., Voigt, J. 
& Wiesner, S. (2019) Persistent problems in the construction of 
matrix population models. Ecological Modelling, 406, 33–43.

Le Boeuf, B., Condit, R. & Reiter, J. (2019) Lifetime reproductive 
success of northern elephant seals (Mirounga angustirostris). 
Canadian Journal of Zoology, 97, 1203–1217.

Levin, S.C., Evers, S., Potter, T., Guerrero, M.P., Childs, D.Z., 
Compagnoni, A. et al. (2022) Rpadrino: an R package to access 
and use PADRINO, an open access database of Integral Projection 
Models. Methods in Ecology and Evolution, 13, 1923–1929.

Lynch, H.J., Zeigler, S., Wells, L., Ballou, J.D. & Fagan, W.F. (2010) 
Survivorship patterns in captive mammalian populations: im-
plications for estimating population growth rates. Ecological 
Applications, 20, 2334–2345.

Maino, J.L., Kearney, M.R., Nisbet, R.M. & Kooijman, S.A.L.M. 
(2014) Reconciling theories for metabolic scaling. Journal of 
Animal Ecology, 83, 20–29.

Munguía-Rosas, M.A., Ollerton, J., Parra-Tabla, V. & De-Nova, J.A. 
(2011) Meta-analysis of phenotypic selection on flowering phe-
nology suggests that early flowering plants are favoured. Ecology 
Letters, 14, 511–521.

Pauly, D. (1980) On the interrelationships between natural mortality, 
growth parameters, and mean environmental temperature in 175 
fish stocks. ICES Journal of Marine Science, 39, 175–192.

Ross, C.T., Hooper, P.L., Smith, J.E., Jaeggi, A.V., Smith, E.A., 
Gavrilets, S. et  al. (2023) Reproductive inequality in humans 
and other mammals. Proceedings of the National Academy of 
Sciences, 120, e2220124120.

Salguero-Gómez, R. (2017) Applications of the fast–slow continuum 
and reproductive strategy framework of plant life histories. New 
Phytologist, 213, 1618–1624.

Salguero-Gómez, R., Jones, O.R., Archer, C.R., Bein, C., de Buhr, H., 
Farack, C. et al. (2016) COMADRE: a global data base of animal 
demography. Journal of Animal Ecology, 85, 371–384.

Salguero-Gómez, R., Jones, O.R., Archer, C.R., Buckley, Y.M., Che-
Castaldo, J., Caswell, H. et  al. (2015) The COMPADRE Plant 
Matrix Database: an open online repository for plant demogra-
phy. Journal of Ecology, 103, 202–218.

Salguero-Gómez, R., Jones, O.R., Jongejans, E., Blomberg, S.P., 
Hodgson, D.J., Mbeau-Ache, C. et  al. (2016) Fast–slow con-
tinuum and reproductive strategies structure plant life-history 
variation worldwide. Proceedings of the National Academy of 
Sciences of the United States of America, 113, 230–235.

 14610248, 2024, 3, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/ele.14390 by C

ornell U
niversity Library, W

iley O
nline Library on [05/09/2024]. See the Term

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline Library for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons License



16 of 16  |      THE NATURAL HISTORY OF LUCK

Snyder, R.E. & Ellner, S.P. (2016) We happy few: using structured 
population models to identify the decisive events in the lives of 
exceptional individuals. The American Naturalist, 188, E28–E45.

Snyder, R.E. & Ellner, S.P. (2018) Pluck or luck: does trait varia-
tion or chance drive variation in lifetime reproductive success? 
American Naturalist, 191, E90–E107.

Snyder, R.E. & Ellner, S.P. (2022) Snared in an evil time: how age-
dependent environmental and demographic variability contrib-
ute to variance in lifetime outcomes. American Naturalist, 200, 
E124–E140.

Snyder, R.E. & Ellner, S.P. (2024) To prosper, live long: understanding 
the sources of reproductive skew and extreme reproductive suc-
cess in structured populations. bioRxiv. Available from: https://​
doi.​org/​10.​1101/​2024.​03.​07.​583934

Snyder, R.E., Ellner, S.P. & Hooker, G. (2021) Time and chance: using 
age partitioning to understand how luck drives variation in re-
productive success. The American Naturalist, 197, E110–E128.

Stearns, S.C. (1989) Trade-offs in life-history evolution. Functional 
Ecology, 3, 259–268.

Troudet, J., Grandcolas, P., Blin, A., Vignes-Lebbe, R. & Legendre, F. 
(2017) Taxonomic bias in biodiversity data and societal prefer-
ences. Scientific Reports, 7, 9132.

Tuljapurkar, S. & Zuo, W. (2022) Mutations and the distribution of 
lifetime reproductive success. Journal of the Indian Institute of 
Science, 102, 1269–1275.

Tuljapurkar, S., Zuo, W., Coulson, T., Horvitz, C. & Gaillard, J.M. 
(2020) Skewed distributions of lifetime reproductive success: be-
yond mean and variance. Ecology Letters, 23, 748–756.

van Daalen, S.F. & Caswell, H. (2017) Lifetime reproductive out-
put: individual stochasticity, variance, and sensitivity analysis. 
Theoretical Ecology, 10, 355–374.

van Daalen, S.F., Hernández, C.M., Caswell, H., Neubert, M.G. 
& Gribble, K.E. (2022) The contributions of maternal age 

heterogeneity to variance in lifetime reproductive output. The 
American Naturalist, 199, 603–616.

van de Walle, J., Fay, R., Gaillard, J.-M., Pelletier, F., Hamel, S., 
Gamelon, M. et  al. (2023) Individual life histories: neither 
slow nor fast, just diverse. Proceedings of the Royal Society B: 
Biological Sciences, 290, 20230511.

van Valen, L. (1975) Life, death, and energy of a tree. Biotropica, 7, 259.
Varas Enríquez, P.J., van Daalen, S. & Caswell, H. (2022) Individual 

stochasticity in the life history strategies of animals and plants. 
PLoS One, 17, e0273407.

Weiner, J., Campbell, L.G., Pino, J. & Echarte, L. (2009) The allome-
try of reproduction within plant populations. Journal of Ecology, 
97, 1220–1233.

West, G.B., Brown, J.H. & Enquist, B.J. (1997) A general model for 
the origin of allometric scaling laws in biology. Science, 276, 
122–126.

SU PPORT I NG I N FOR M AT ION
Additional supporting information can be found online 
in the Supporting Information section at the end of this 
article.

How to cite this article: Hernández, C.M., Ellner, 
S.P., Snyder, R.E. & Hooker, G. (2024) The natural 
history of luck: A synthesis study of structured 
population models. Ecology Letters, 27, e14390. 
Available from: https://doi.org/10.1111/ele.14390

 14610248, 2024, 3, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/ele.14390 by C

ornell U
niversity Library, W

iley O
nline Library on [05/09/2024]. See the Term

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline Library for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons License

https://doi.org/10.1101/2024.03.07.583934
https://doi.org/10.1101/2024.03.07.583934
https://doi.org/10.1111/ele.14390

	The natural history of luck: A synthesis study of structured population models
	Abstract
	INTRODUCTION
	METHODS
	Selecting population models
	Calculations
	Moments of lifetime reproductive output and lifespan
	Mixing distribution
	Standardized units of LRO
	Decomposition of variance and skewness: Types of luck
	Model structure and life history traits
	Longevity
	Age of maturity
	Generation time
	Precocity
	Iteroparity
	Average clutch size



	RESULTS AND INTERPRETATION
	Relationships among the response variables
	Variance
	Skewness
	Variance and skewness

	Relationships between response variables and life history traits
	Life history traits
	Variance
	Skewness

	Contributions of multiple types of luck to variance and skewness
	Variance
	Skewness

	Life history traits and components of variance in LRO

	DISCUSSION
	AUTHOR CONTRIBUTIONS
	ACKNOWLEDGEMENTS
	DATA AVAILABILITY STATEMENT

	REFERENCES


