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Abstract
1. The de-lifing method (Coulson et al., 2006, Proceedings of the Royal Society of
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London B: Biological Sciences, 273, 547), though very promising for studying ecological and evolutionary changes, has been scarcely used to identify factors influential
on fitness.
2. Through simulations representative of a variety of iteroparous species, we establish that a two-component normal mixture usually provides a much better representation of de-lifing data than the single normal distribution assumed in classical
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3. To test determinants of the annual individual fitness, we propose the overall mean
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4. We examine the gain in performance and accuracy when using the O3M over clas-

linear models.
mixture model (O3M), a mixture model parameterised in terms of the overall mean
of the mixture distribution.
sical linear models and bootstrap methods on simulated finite normal mixture distributions for different regression shapes and variance structure, and apply it to a
real dataset to study how the annual individual fitness varies with age in alpine
marmots.
5. The O3M improves considerably the precision of the estimates and hence the
power of the analysis. We discuss the adaptation of the O3M model to more complex distributions and advise on its use.
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1 | INTRODUCTION

(Lande, 1982), while LRS has been shown to suffer from other problems in species with overlapping generations or when ecological vari-

When working on evolution and/or selection in natural conditions,

ation occurs during the life span of an individual (Coulson, Kruuk,

most studies either use generation-based proxies for fitness, such as

Tavecchia, Pemberton, & Clutton-Brock, 2003). In addition, LRS re-

lifetime reproductive success (LRS; Clutton-Brock, 1988), or fitness-

quires to record individual performance for the entire life span, mak-

related traits, such as age-state specific survival or reproductive rates,

ing it difficult to collect sufficient and comparable data, especially for

clutch size, life expectancy, age at first reproduction and so on (see

long-lived species.

Kingsolver et al., 2001 for a review). However, such measures present

To overcome such problems, different non-generational fitness

theoretical and empirical pitfalls. Because trade-offs occur between

measures have been proposed, including de-lifing (Coulson et al.,

traits, one can hardly extrapolate conclusions regarding one fitness-

2006). This method estimates an individual’s contribution to the pop-

related trait to general conclusions regarding evolutionary changes

ulation growth rate over a period of time shorter than a generation.
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This contribution to population growth rate can be considered as the

applied to actual data. Fifteen studies only calculated and analysed

realised fitness of an individual during this time interval, usually a year,

individuals’ contributions to growth rate of wild populations (Table 1).

and offers great opportunities to empirically study ecological and evo-

The need for detailed long-term survival, reproductive data and pop-

lutionary changes in stochastic environments (Coulson et al., 2006).

ulation size estimates might be responsible for the rarity of studies

This method offers both theoretical and practical advantages. First,

using this powerful tool. In addition, in many cases, individual fitness

contrary to fitness related traits, it integrates both survival and repro-

data display a strong bimodal distribution. Therefore, commonly used

duction. Second, contrary to LRS-based approaches it offers the pos-

statistical tools from the generalised linear model family (linear mod-

sibility to calculate fitness for individuals with incomplete life histories.

els in a broad sense, including but not limited to glm, glmm, gamm…)

Lastly, but most importantly, it considers selection as a continuous

cannot be used without considerable violations of the underlying as-

process acting at any time and over the life span of an individual. The

sumptions, potentially leading to invalid diagnoses and loss of preci-

realised fitness of an individual is thus inherently relative to changes

sion, hence leading to inaccurate conclusions (Jarque & Bera, 1987).

in the environment and to the performance of potential competitors,

Here, we propose a linear model derived from the mixture model-

that is, relative to the population size at any given time. This robust

ling framework (McLachlan & Peel, 2004), called the overall mean mix-

and elegant method makes it possible to calculate selection gradients

ture model (O3M). It was specifically designed to study determinants

on a fine temporal scale (as opposed to LRS) by regressing the values

of individual fitness, calculated with the de-lifing method. Mixture

of a trait of interest on individual fitness values, and thus determine

models have already proven very useful in ecological and evolution-

how selection pressures change through time and how the trait con-

ary studies where individuals are often distributed among different

sidered might evolve. This method is therefore particularly fit to study

unrecorded or unobserved states (e.g. zero-inflated ecological data in

eco-evolutionary processes.

Martin et al., 2005; different growth trajectories of roe deer in Hamel,

Despite the original paper being largely cited (114 citations regis-

Yoccoz, & Gaillard, 2017). However, our aim here is quite different.

tered on Web of Sciencetm as of June 2016), the method was scarcely

Indeed, the multimodality of de-lifing data is an inherent distributional

T A B L E 1 Publications to use the de-lifing method. NA means the individual annual fitness were calculated for descriptive reasons, but were
not analysed using any statistical model
Publication

Type of model

Explanatory variables

Study species

Cockburn, Osmond, and Double (2008)

glm & gam

Week in year nuptial plumage attained

Superb fairy wrens
(Malurus cyaneus)

Di Fonzo, Pelletier, Clutton-Brock, Pemberton,
and Coulson (2011)

Multiple regression

Body weight, fecal eggs count heterozygosity & year

Soay sheep (Ovis aries)

Ezard, Becker, and Coulson (2007)

gamm & glmm

Laying date, arrival date & mass

Common terns (Sterna
hirundo)

Foerster et al. (2007)

Bivariate animal
model

Relatedness

Red deer (Cervus elaphus)

Grange, Duncan, and Gaillard (2009)

glm

Population size

Camargue horses (Equus
caballus)

Gratten et al. (2008)

Animal model

Relatedness & presence/absence of alleles

Soay sheep (O. aries)

Höner et al. (2010)

glm

Population size rank of the mother

Spotted hyenas (Crocuta
crocuta)

Höner et al. (2012)

NA

NA

Spotted hyenas (C.
crocuta)

Moyes et al. (2009)

PCA

NA

Red deer (C. elaphus)

Nicolai, Sedinger, Ward, and Boyd (2014)

NA

NA

Black brant geese (Branta
bernicla nigricans)

Pelletier, Clutton-Brock, Pemberton,
Tuljapurkar, and Coulson (2007)

gam

Body weight, hind leg length & birth weight

Soay sheep (O. aries)

Pelletier, Réale, Garant, Coltman, and
Festa-Bianchet (2007)

gam

Body mass

Bighorn sheep (Ovis
canadensis)

Schroeder, Cleasby, Nakagawa, Ockendon,
and Burke (2011)

MCMC glmm

Pit treatment, sex, age & year (random)

House sparrow (Passer
domesticus)

Schroeder, Burke, Mannarelli, Dawson, and
Nakagawa (2012)

MCMC glmm

Age & year

House sparrow
(P. domesticus)

Stopher, Pemberton, Clutton-Brock, and
Coulson (2008)

NA

NA

Red deer (C. elaphus)
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property of this fitness metric and does not reflect biologically rele-

the individual fitness value pti of each individual for 20 years leading

vant clusters of individuals. That is to say, the different modes of the

to a mean number of 400 pti values per simulated dataset. Each sim-

fitness distribution do not represent distinct classes of individuals in

ulation scenario was repeated ten times leading to a total of 1,080

different states but are contingent on random events in a given year.

simulated datasets.

Hence, we do not wish to identify how individuals in the population

We then fitted a two-component normal mixture distribution

are distributed among different clusters and independently impacted

and a single normal distribution to each simulated dataset and com-

by a set of covariates (as already implemented mixture models do, that

pared DIC values (Spiegelhalter, Best, Carlin, & Van Der Linde, 2002)

is, FlexMix r package, Leisch, 2004). Instead, we wish to estimate how

to decide which distribution better fitted the de-lifing values (see

the annual fitness expectancy of an individual, hence the overall mean

Supporting Information S1.1 for simulation and distribution-fitting

of the bimodal distribution, covaries with a set of independent vari-

R-scripts).

ables while accounting for the bimodality of the data.
To test our assumption that de-lifing data are bimodally distributed most of the time, we first compare the fit of two-component
mixture and single Gaussian distributions on de-lifing datasets gen-

2.2 | Overall mean mixture model
The classical linear model can be described by the following:

erated under different hypothesised life cycles. Then we present the
O3M and compare its performance with that of a classical linear model
and two bootstrapping methods (Efron & Tibshirani, 1986) on various
simulated two-component normal mixture distributions. Finally, we
illustrate the usefulness of our model on real data with an analysis
of fitness variation with age in the alpine marmot Marmota marmota.

N(y|μ, σ2 ) with μ = α + β ⋅ x,

(2)

where y is the random variable we wish to explain, μ and σ2 are, respectively, the mean and variance of the normal conditional density of
y, x is a vector of independent variables we wish to relate y to, α is the
intercept and β is the vector of variable-specific coefficients. In the
case of linear mixture models, a mixture of two normal distributions
replaces the normal one:

2 | MATERIALS AND METHODS

h(y|μ1 , μ1 , π, σ21 , σ22 ) = π ⋅ N(y|μ1 , σ21 ) + (1 − π) ⋅ N(y|μ2 , σ22 ),

(3)

2.1 | De-lifing data distribution
According to (Coulson et al., 2006), an individual’s annual fitness is
measured by its contribution pti to the growth rate of the population
between t and t + 1.

where π is the mixture weight of the first component and μk and σ2k are
the mean and variance of the kth component.
Following Everitt (1981), the mean and variance of the normal
mixture are:

pti =

Sti − S̄t
Nt − 1

+

Fti − F̄t
Nt − 1

,

(1)

where Sti is the survival of individual i between t and t + 1 (1 if it survived and 0 otherwise), S̄t is the mean survival rate in the population
between t and t + 1; Fti is the fecundity of individual i defined as the
number of offspring born between t and t + 1 and still alive at t + 1; F̄t
is the mean fecundity and Nt is the population size at t.
In order to analyse the distributional properties of de-lifing data,
we generated several de-lifing datasets resulting from different sur-

μ = π ⋅ μ1 + (1 − π) ⋅ μ2

and

σ2 = π ⋅ [σ21 + (μ1 − μ2 )2 ] + (1 − π) ⋅ [σ22 + (μ2 − μ)2 ]

(4.1)

(4.2)

The mean of the mixture distribution μ is thus the weighted mean
of the different component-specific means and the variance of the
mixture distribution σ2 is the sum of the mean of the component-
specific variances and the variance of the component-specific means.

vival and reproductive rates so as to cover a wide range of biologi-

We refer to this mean and variance as the “overall mean” and “overall

cal scenarios on the slow-fast continuum (Gaillard et al., 2005). We

variance” of the mixture distribution.

considered different combinations of demographic parameters, from

Here, we aim at estimating the overall mean of the mixture dis-

species with high survival, high reproductive skew and small litter size

tribution μ and see how it relates to a set of independent covariates

to species with low survival, evenly distributed reproduction and large
number of offspring. For each simulation, individual annual survival
(Sti) and reproductive status (Rti) were set, using a Bernoulli trial with
variable rates (low = 0.2, medium = 0.5 or high = 0.8). The number of
recruits per individual (NRti) that survived to the next time step was
sampled either from a Gaussian or Poisson distribution (M = 1 or 6
and SD = 0.05 or 2 for the Gaussian). The fecundity used in the calculation (Fti) was calculated as the product Rti × NRti. To account for
between-year population size fluctuation, annual population size (Nt)
was sampled from a Gaussian distribution with M = 20 and SD = 0.2
(stable population) or 2 (fluctuating population). Finally, we calculated

x. To do so, we express μ as a linear combination of x and express
component-specific means as functions of the overall mean μ, the
mixture weight π, and the difference between the two component-
specific means Δ:
μ=α+β⋅x

(5.1)

μ1 = μ − (1 − π) ⋅ Δ

(5.2)

μ2 = μ + π ⋅ Δ

(5.3)

with Δ = μ2 − μ1
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For full flexibility, we consider the case where Δ and π are allowed
to vary with the same set of independent variables x as μ. Since π
is a probability, we use a logit-linear relationship to relate π and x.

T A B L E 2 Summary of parameters used in the second simulation
study designed to compare estimates returned by the O3M to those
of a classical linear model for different bi-normal distributions

To avoid a common practical problem in mixture modelling known

A. Clustering parameters

as “label switching” (Lunn, Jackson, Best, Thomas, & Spiegelhalter,

1. Component-means difference

2012), we constrain one component-specific variance to be larger

Slight difference

than the second one by specifying a positive difference between the

αΔ = 2

Large difference

αΔ = 10

Variable difference

αΔ = 2

two:
h(y|μ, Δ, π, σ21 , σ22 ) = π ⋅ N(y|μ, Δ, σ11 ) + (1 − π) ⋅ N(y|μ, Δ, σ22 )

(6.1)

with μ = α + β ⋅ x

(6.2)

671

βΔ = 1

2. Component-specific SD
Identical

σ1 = σ2 = 1

Component-specific

σ1 = 1.5

σ2 = 0.5

3. Proportion of individuals in each cluster

(6.3)

logit(π) = απ + βπ ⋅ x

(6.4)

Δ = αΔ + βΔ ⋅ x

Balanced

απ = 0

(π = 0.5)

Unbalanced

απ = 1

(π = 0.27)

Variable

απ = −0.6

βπ = 0.9

(π ϵ [0.35;1])

B. Regression parameters

with σ21 > σ22
The parameters of the model are then the different intercepts α,
απ, αΔ, the regression coefficients β, βπ, βΔ and the two component-

Constant

α=0

Linear

α=0

β=1

Quadratic

α=0

β=1

specific variance parameters σ22 and σ21.

β2 = −0.1

2.3 | Parameters estimation

properties, we also performed parameter estimations using non-

Specifying the mixture normal rather than a single normal distribution

Tibshirani, 1986), using the “Boot” function from the car

entails a price in terms of number of parameters and model complex-

(Fox & Weisberg, 2011) with 10,000 re-samples each time. We then

ity. To test whether the gain was worth the additional complex-

tested whether the different methods returned identical estimates,

ity, we compared the estimates of the O3M to those returned by a

using Wilcoxon signed rank tests. We also tested if the precision of

classical linear model on simulated two-component normal mixture

the estimates differed between the different methods by testing if

distributions. Datasets were simulated to mimic the distribution of

the SEs of the estimates differed, using Wilcoxon signed rank tests

de-lifing-like data driven by a covariate (e.g. discrete age classes in

(see Supporting Information S2.1 for the data simulation and O3M

our case). The data simulation process was as follow. First, we sam-

fitting R-scripts).

parametric (NPBS) and residual bootstrap (RBS) methods (Efron &
r

package

pled a covariate value xi from a Poisson distribution with a mean of
4 for each of 1,000 simulated individuals. Given this value, the individual probability πi to belong to the first component of the mixture

2.4 | Real data application: Fitness variation with age
in the alpine marmot

the individual belonged was sampled from a Bernoulli distribution

To illustrate the usefulness of our model, we applied it to a long-

Ci = Bern(πi). Conditionally on Ci, the fitness value of an individual was

term dataset on alpine marmots. We studied how individual annual

was calculated as πi = logit−1(απ + βπ·xi) and the component to which

sampled from the corresponding normal component; N(μ1, σ12) if Ci

fitness calculated with the de-lifing method varies with age using

= 0 (individual i belongs to the first component of the mixture) with

the O3M, and compared our results to those obtained with a clas-

μ1 = μi − πi.Δi and σ21 the first component-specific variance, and N(μ2,

sical linear model. From 1990, individuals from the population lo-

2

σ2 ) if Ci = 1 with μ2 = μi + (1 − πi)·Δi and

the second component-

cated in the Grande Sassière Nature Reserve (Vanoise, France) were

specific variance, where μi is the general mean of the mixture distribu-

captured each summer between May 15th and July 15th. At first

tion μi = α + β.xi and Δi is the difference between the mean of the two
components. For a given value of x , Δ = α + β .x .

capture, individuals were permanently marked using both pit-tags

i

i

σ2k

Δ

Δ i

and metal ear tags for later identification by recapture and/or re-

We produced different datasets of increasing complexity to

sighting (Cohas et al., 2008). Each individual’s annual survival (Sti)

cover a wide range of possibilities, from constant overall mean μ,

and reproductive status (Rti) was determined either from capture-

mixture weight π and difference Δ (i.e. no effect of the variable xi)

recapture data or from observations leading to a total sample size of

to quadratic relationships between μ and x, linearly increasing Δ and

1,417 individual de-lifing values. The annual number of recruits per

logit-linearly increasing π (Table 2). We then fitted the O3M model

individual (NRti) was estimated as the number of offspring produced

and a classical linear model (LM) independently ten times for each

per individual (determined by genetic kinship analyses) that survived

scenario to determine the accuracy of the parameter estimates.

the first hibernation. More details on the study species, the study

In addition, and because they do not rely on any distributional

area, and the genetic analyses can be found elsewhere (Allainé &
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Theuriau, 2004; Cohas, Yoccoz, & Allainé, 2007; Ferrandiz-Rovira,
Allainé, Callait-Cardinal, & Cohas, 2016).
We calculated annual individual fitness pti following Equation (1)
and tested whether annual fitness of alpine marmots varied with age.
We expected annual fitness to increase in the first years of age because of low juvenile survival and progressive access to reproduction
(marmots are sexually mature at 2 years of age, Allainé & Theuriau,
2004) and to decrease in older ages because of senescence (Berger
et al., 2016). Therefore, we accounted for a quadratic effect of age on
fitness in our model. Social status is strongly differentiated in alpine
marmots (dominant individuals monopolise reproduction, e.g.Goossens
et al., 1998) and sex differences in fitness are likely to exist (male dominants turn-over is higher than females’ one and male subordinates may
access reproduction via extra-pair paternities (Cohas et al., 2007; Lardy,
Cohas, Desouhant, Tafani, & Allainé, 2012). We then included both factors in the model. For the same reasons, we expected the distribution
of fitness to vary with social status and sex. Therefore, we incorporated
different variance structures according to sex and status in our model:
pti = α(Status,Sex) + β(Status,Sex) × ageti + β2(Status,Sex) × (ageti )2 + εti
with εti ∼ π ⋅ N(0, σ21 ) + (1 − π) ⋅ N(0, σ22 )
Thus, the O3M model was:

3 | RESULTS
3.1 | De-lifing data distribution
According to the DIC, the two-component normal mixture distribution fitted better the simulated de-lifing data under almost every
scenario (Figure 1a,b). In 91% of the simulations, the DIC difference
was larger than two supporting the two-component normal mixture
distribution as the best of the two (see Supporting Information S1.2
for a table with complete results). A single normal distribution better represented de-lifing data distribution in only 10 out of the 108
biological scenarios considered. Although no clear pattern emerged
when looking at the relationships between the parameters in the simulations and the DIC difference between the two models, data better fitted a Normal distribution in two situations. First, when de-lifing
data tended to be uni-modally and normally distributed (Figure 1c),
second when individual fitness data presented three distinct modes
(Figure 1d).

3.2 | Parameters estimation
As expected, for all two-component simulated datasets, the O3M
gave unbiased estimates of the regression parameters (Figure 2).
The linear model and both bootstrap methods also returned un-

h(pti |age, Status, Sex) =π ⋅ N(pti |μti , Δ, σ21(Status,Sex) )
+(1 − π) ⋅ N(pti |μti , Δ, σ22(Status,Sex) )
with μti = α(Status,Sex) + β(Status,Sex) × ageti + β2(Status,Sex) × (ageti )2
logit(π) = απ(Status,Sex) + βπ(Status,Sex) × ageti
and Δ = αΔ(Status,Sex) + βΔ(Status,Sex) × ageti
For comparison, the linear model was as follows:

biased regression coefficients. Mean estimates did not significantly differ between the O3M and other competing models
(Wilcoxon signed rank tests α: W = 1,212, p = .131; β: W = 1,595,
p = .403; β2: W = 1,529, p = .666). Most importantly, SEs associ-

ated to the regression parameters were always smaller using the
O3M (Figure 3) as demonstrated by one-sided Wilcoxon signed
rank tests (O3M vs. LM: SEα: W = 4,781, p < .001; SEβ: W = 2,414,
p < .001; SEβ²: W = 2,099, p < .001; O3M vs. RBS: SEb0: W = 4,905,

p < .001; SEb1: W = 2,752, p < .001; SEb2: W = 2,646, p < .001; O3M

vs. NPBS: SEb0: W = 4,898, p < .001; SEb1: W = 2,630, p < .001;

N(pti ∕λti , σ )

SEb2: W = 2,284, p < .001). In addition, we checked the cover-

with λti = α(Status,Sex) + β(Status,Sex) × ageti + ∗ β2(Status,Sex) × (ageti )2

The coverage values for the different parameters confirmed that

2

age properties of the 95% credible interval obtained with O3M.
the credible intervals contained the true simulated value with a

We tested models’ residuals to check if the underlying assumptions
were verified. In the case of the linear models, the residuals εi,t = μti − pti

0.95 probability (coverage(α) = 0.945; coverage(β) = 0.946 and
coverage(β²) = 0.951).

are supposed to be normally distributed. In the case of the O3M, residuals are calculated according to each component εi,t = μk,ti − pti and
are normally distributed only within each component. Thus, the overall

3.3 | Age fitness variation in alpine marmot

distribution of the O3M residuals should be a mixture of two normal

The O3M performed better than the LM as indicated by the DIC

distributions centred on zero with a mixing proportion π.

(Tables 3 and 4). Inspection of the residuals from the different LM

All simulations and statistical tests were conducted, using R 3.2.5

revealed strong departures from the assumed normal distribution

(R Development Core Team, 2008). The different distributions fitting

(Figure 4b,d; Shapiro–Wilk tests, dominant males: W = 0.986, p = .023

(two-component normal mixture and single Gaussian of the first sim-

and dominant females: W = 0.991, p = .045). This was especially ap-

ulation analysis) and models (O3Ms and linear models of the second

parent for subordinate individuals (Figure 4f,h, Shapiro-Wilk tests,

simulation analysis) were written in BUGS language and parameters

subordinate males: W = 0.913, p < .0001 and subordinate females:

estimation was performed using jags (Plummer, 2003) from R with

W = 0.911, p < .0001). On the contrary, residuals from the O3M

the jagsUI package (Kel l ner, 2014). Al l analyses were run with a burning

seemed to fit well the two-component normal distributions assumed

period of 6,000 and a total number of iterations of 10,000.

by the model (Figure 4a,c,e,g).
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F I G U R E 1 Histogram of simulated data and models fit. Blue curves represent the fitted Normal distribution; Red curves represent the
fitted O3M. (a) and (b) represent cases where the two-normal mixture distribution has the best fit; (c) and (d) represent cases where the normal
distribution has the best fit

Following our previous results, estimates obtained using O3M or
LM were not qualitatively different, only little quantitatively differ-

increase after 3 years of age. On the contrary, it was null with the O3M
indicating no decrease in the first years of age (Table 3).

ent, and associated SDs were always smaller with the O3M (Tables 3
and 4). Both male and female dominants’ annual fitness significantly
increased with age until c. 7 years of age and decreased thereafter
(Figure 5a,b). For female subordinates, both the linear and quadratic
terms were not significantly different from zero contrary to the in-

4 | DISCUSSION
4.1 | Overall mean mixture model

tercept, indicating that the annual fitness was constant with age and

Our results indicate that the O3M is a powerful and particularly well

always negative (Figure 5c). For male subordinates, the intercept and

adapted model for analysing fitness data calculated using the de-lifing

the quadratic terms were significantly different from zero, indicating

method. Our first simulation study show that the distribution of such

an increase in fitness accelerating with age (Figure 5d). Note that the

fitness data are most often bimodal, thus violating the underlying as-

LM gave qualitatively different (although quantitatively close) esti-

sumptions of classical regression models from the generalised linear

mates for subordinate males since the linear effect of age for subor-

model family. We also showed that these distributions can be approxi-

dinate males differed from zero (Table 4), thus indicating a significant

mated by a finite mixture of Gaussian distributions and therefore ana-

decrease in fitness in the first years of life followed by an accelerating

lysed in a mixture modelling framework, using the O3M.
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F I G U R E 2 Boxplot of the regression parameters differences
between the simulated value and the estimated value for both the
overall mean mixture model (O3M) and a classical linear model (LM).
A parameter difference of zero indicates the value of the parameter
estimates exactly equals the value of the parameter used in the
simulation

When de-lifing data follow a mixture of two normal distributions,
as is most often the case (as demonstrated in the first analysis and
in the example on alpine marmots), the O3M was able to accurately
recover the different parameters used in the simulations. The linear
model and bootstrap methods also gave good estimations of the simulated values; however, the O3M estimates were much more precise,
that is, the confidence intervals associated to the regression parameters were always smaller with the O3M. This result is very important
since all tests or indicators for decision-making are based on such confidence intervals of the estimators. In a Bayesian context, for example,
one will look at the confidence interval of a slope estimate associated
to a covariate to determine if that covariate has an effect. The covariate will not be retained in the model, or not considered as having
a significant effect, if its confidence interval overlaps zero. Hence, in
such situation one may retain and discuss the effect of a tested covariate when using the O3M while dismissing it if using a classical linear
model. Using a classical linear model instead of the O3M model to
study bi-modally distributed fitness data can therefore lead not to detect an effect because of a lack of power.
However, and even though the two-normal mixture distribution fitted best the simulated data in almost every case, it appeared
that the O3M was not always necessary. In some cases, individual fitness data are unimodal and their distribution approaches a

F I G U R E 3 Standard errors associated to the different regression
parameters: (a) alpha, the intercept, (b) beta, the linear effect and (c)
beta2 the quadratic effect estimated with the overall mean mixture
model (O3M), the classical linear model (LM), the residual bootstrap
(RBS) and the nonparametric bootstrap method (NPBS)

Gaussian one. Hence, in this situation, a two-component mixture
distribution is over-parameterised and therefore useless. Based on

contrary, individual fitness data sometimes present three distinct

the results of our first simulation study it is difficult to determine in

modes. This situation occurs when population size varies little be-

which conditions such a situation arises but it seems that de-lifing

tween years and the number of recruited offspring per individual

data are more likely to be unimodal and tend to follow a single

is close to one. Then, these three modes correspond to the three

normal distribution when the variance in the different demographic

possible outcomes for an individual a given year: either an individ-

parameters is large and population size highly variable. On the

ual will survive and produce one offspring, in which case its fitness
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T A B L E 3 JAGS Output for the alpine marmot individual fitness with age analysis using the O3M. Rhat indicates convergence (inferior to
1.1), neff is a measure of effective sample size, overlap0 checks if 0 falls in the parameter’s 95% credible interval, f is the proportion of the
posterior with the same sign as the mean; that is, our confidence that the parameter is positive or negative
Parameter

M

SD

2.5%

50%

97.5%

Overlap0

f

Rhat

neff

αDom♀

0.1

0.2

−0.3

0.1

0.5

True

0.8

1.0

123

αDom♂

0.2

0.2

−0.2

0.2

0.5

True

0.8

1.0

103

αSub♀

−0.6

0.1

−0.75

−0.6

−0.4

False

1.0

1.0

309

αSub♂

−0.6

0.1

−0.8

−0.6

−0.3

False

1.0

1.0

322

βDom♀

0.2

0.1

0.1

0.2

0.4

False

1.0

1.0

133

βDom♂

0.2

0.1

0.0

0.2

0.3

False

1.0

1.0

233

βSub♀

−0.1

0.1

−0.3

−0.1

0.1

True

0.9

1.0

1,281

βSub♂

−0.2

0.1

−0.5

−0.2

0.0

True

1.0

1.0

689

Dom♀

0.0

0.0

0.0

−0.0

0.0

False

1.0

1.0

184

β2Dom♂

0.0

0.0

0.0

−0.0

0.0

False

1.0

1.0

856

2

β

2

Sub♀

0.0

0.0

0.0

0.0

0.0

True

0.7

1.0

772

β2Sub♂

0.0

0.0

0.0

0.1

0.1

False

1.0

1.0

1,979

β

αPDom♀

−0.2

0.3

−0.8

−0.2

0.4

True

0.7

1.0

212

αPDom♂

−0.2

0.3

−0.8

−0.2

0.4

True

0.8

1.0

548

αPSub♀

0.0

0.2

−0.4

0.0

0.4

True

0.5

1.0

283

αPSub♂

0.3

0.2

−0.1

0.3

0.7

True

0.9

1.0

124

βPDom♀

0.4

0.1

0.2

0.4

0.6

False

1.0

1.0

96

βPDom♂

0.4

0.1

0.3

0.4

0.6

False

1.0

1.0

611

βPSub♀

0.0

0.1

−0.1

0.0

0.2

True

0.5

1.0

104

βPSub♂

−0.4

0.1

−0.7

−0.4

−0.2

False

1.0

1.0

231

αΔDom♀

−0.1

0.2

−0.6

−0.1

0.3

True

0.6

1.0

58

αΔDom♂

−0.1

0.2

−0.6

−0.1

0.3

True

0.7

1.0

41

αΔSub♀

0.1

0.1

−0.1

0.1

0.3

True

0.8

1.0

69

αΔSub♂

0.4

0.1

0.2

0.4

0.6

False

1.0

1.0

60

βΔDom♀

0.0

0.0

−0.1

0.0

0.1

True

0.6

1.1

42

βΔDom♂

−0.0

0.1

−0.2

0.0

0.1

True

0.8

1.1

36

βΔSub♀

0.1

0.1

0.0

0.1

0.2

False

1.0

1.0

59

βΔSub♂

−0.2

0.1

−0.3

−0.2

−0.1

False

1.0

1.0

52

SEDom♀1

0.2

0.0

0.2

0.2

0.3

False

1.0

1.0

559

SEDom♂1

0.2

0.0

0.1

0.2

0.3

False

1.0

1.0

1,231

SESub♀1

0.8

0.1

0.7

0.8

0.9

False

1.0

1.0

622

SESub♂1

1.0

0.1

0.9

1.0

1.1

False

1.0

1.0

599

SEDom♀2

1.6

0.1

1.5

1.6

1.6

False

1.0

1.0

1,700

SEDom♂2

1.6

0.1

1.5

1.6

1.8

False

1.0

1.0

6,000

SESub♀2

0.2

0.0

0.2

0.2

0.2

False

1.0

1.0

370

SESub♂2

0.2

0.0

0.2

0.2

0.2

False

1.0

1.0

2,645

False

1.0

1.0

729

Deviance

2,929

DIC

4,403

54

2,825

2,929

3,036

will be positive, or it will die before reproducing, in which case its

and a three-component mixture distribution should be tested. It is

fitness will be negative. Finally, it can either survive and not repro-

therefore very important to check the distribution of the data to be

duce, or reproduce but not survive, in which case the outcome will

analysed to decide what kind of model to use. In some cases, visual

be the same and its fitness will be close to zero. In this situation,

inspection of the data might be sufficient to determine whether

and even though a two-components normal mixture distribution

the data are distributed following one, two or three modes, but in

is preferred over a single normal, both distributions are a poor fit

most cases, a careful inspection of the fit of the model a posteriori
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Parameter

M

SD

2.5%

50%

97.5%

Overlap0

f

Rhat

neff

αDom♀

−0.2

0.2

−0.6

−0.2

0.3

True

0.8

1.0

5,760

αDom♂

−0.1

0.2

−0.5

−0.1

0.3

True

0.7

1.0

6,000

αSub♀

−0.6

0.2

−0.9

−0.6

−0.2

False

1.0

1.0

2,734

αSub♂

−0.4

0.2

−0.7

−0.4

−0.1

False

1.0

1.0

6,000

βDom♀

0.4

0.1

0.2

0.4

0.5

False

1.0

1.0

6,000

βDom♂

0.3

0.1

0.1

0.3

0.4

False

1.0

1.0

6,000

βSub♀

−0.1

0.2

−0.4

−0.1

0.3

True

0.7

1.0

2,216

βSub♂

−0.4

0.2

−0.7

−0.4

−0.1

False

1.0

1.0

6,000

Dom♀

0.0

0.0

0.0

0.0

0.0

False

1.0

1.0

6,000

β2Dom♂

0.0

0.0

0.0

0.0

0.0

False

1.0

1.0

6,000

Sub♀

0.0

0.0

−0.1

0.0

0.1

True

0.6

1.0

2,243

β2Sub♂

0.1

0.0

0.0

0.1

0.2

False

1.0

1.0

6,000

β
β

2

2

SE

1.2

Deviance

4,577

DIC

4,590

0.0
5

1.2

1.2

1.3

False

1.0

1.0

4,245

4,569

4,576

4,588

False

1.0

1.0

6,000

T A B L E 4 JAGS Output for the alpine
marmot individual fitness with age analysis
using a classical linear model. Rhat
indicates convergence (inferior to 1.1), neff
is a measure of effective sample size,
overlap0 checks if 0 falls in the parameter’s
95% credible interval, f is the proportion of
the posterior with the same sign as the
mean; that is, our confidence that the
parameter is positive or negative

is recommended. Such inspection can be done using the residuals

runs, or in hard-writing an O3M specific to the research question one

of the models. If the data are distributed in accordance with the

wants to address is largely compensated by the gain in power and the

model assumptions (i.e. a two-component normal mixture distribu-

precision of the results provided by the flexibility of the O3M.

tion in our case), residuals should be unimodal and centred on zero.
As soon as residuals are multimodal, this indicates that the data
do not follow the assumed Gaussian distribution. A more complex

4.2 | Fitness variation with age in alpine marmots

O3M with more than two components should then be considered.

The de-lifing method is really well adapted to study fitness variation

However, the development of such a model is not straightforward

with age. To our knowledge, it is the only fitness metric including both

and requires the model to be re-formulated since the weight of the

survival and reproduction that takes into account the current envi-

second component is no longer the complement of the first one.

ronment (represented by the population size here), and calculated on

Similarly, the definition of delta, the difference between the two

a yearly basis. Our results indicate that in our population of alpine

components means is no longer valid and needs to be re-considered.

marmots, annual fitness does not follow a Gaussian distribution, and

Finally, some practical downsides are to be taken into account.

is largely influenced by age, sex and social status.

First and foremost, the Gibbs samplers we used, either in BUGS (Lunn,

The residuals of the linear model clearly indicate that the distri-

Spiegelhalter, Thomas, & Best, 2009) or JAGS (Plummer, 2003), are not

bution of fitness is not normal, especially in subordinate individuals.

algorithms specifically designed for such mixture models. Thus, O3M

This is easily understandable given that subordinates never (females)

models converge slower than conventional linear models and failed

or very rarely (males) reproduce (Cohas et al., 2007; Goossens et al.,

to converge in certain situations, because of local maxima or absorb-

1998). Subordinates contribution to the population growth rate is only

ing states (e.g. when all individuals are randomly assigned to the same

through their own survival (positive contribution) or death (negative

component during one iteration). This can be circumvented in most

contribution). The extent to which a subordinate survival will affect

cases by using informative priors, notably priors for the component as-

the population and thus its fitness then depends on the population

signment probability π. It can easily be constrained to be different from

size and on the mean survival rate that year. It is therefore not surpris-

0 or 1 by stating a uniform distribution ranging from 0.01 to 0.99 for

ing that subordinate fitness display a strong bi-modality. In opposition,

example. This is easily done when π is constant but much more com-

the distribution of annual fitness of dominant individuals is unimodal,

plicated when the proportion of individuals varies with the variables

although not normal. This distribution presents a narrow peak around

considered in the model. We therefore recommend to be very cautious

the mean most likely representing the dominant individuals that sur-

when choosing priors distributions and run several replicates of the

vive but do not reproduce. Those individuals are numerous since

same model with different initial values to ensure “true” convergence.

dominant survival is high (around 0.8) in alpine marmots and around

In the near future, some mixture-model specific algorithms (such as

65% of the dominant individuals reproduce each year (Dupont, Pradel,

the Expectation-Maximisation algorithm used in the FlexMix package,

Lardy, Allainé, & Cohas, 2015; King & Allainé, 2002). The rest of the

Leisch, 2004) could be modified to fit the O3M and thus improve both

distribution represents the individuals who reproduced and/or died

the convergence efficiency and speed. However, even in the current

in a given year. This part of the distribution is less skewed because

configuration, we believe the time lost during slow converging MCMC

of various possible sources of variation (litter size variation, juvenile

DUPONT et al.
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F I G U R E 4 Histograms of the residuals of the O3M (left panel) and the linear model (right panel) for the different social status and sexes. (a)
and (b): dominant females, (c) and (d): dominant males, (e) and (f): subordinate females and (g) and (h): subordinate males. Red curves indicate the
residuals distributions assumed by the models
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F I G U R E 5 Individual fitness as a function of age in alpine marmots for both sexes and social status. (a) dominant females; (b) dominant
males; (c) subordinate females; (d) subordinate males. Lines represent the predictions of the O3M. Dashed lines represent the associated SEs.
Open circles represent raw data and filled circles with error bars represent the mean fitness value per age with the associated SD

survival variation, population size variation, yearly mean survival and

before drawing any conclusion. For subordinate individuals, the

reproduction variation…). The O3M correctly captures this variation,

fitness/age pattern was also sex specific. The fitness expectancy

thanks to the two components, and the estimates we obtain are thus

of subordinate females was negative and constant across all ages

trustworthy.

while it increased for males. This difference could result from the

As expected, annual fitness presents a quadratic pattern for

possibility for male subordinates to access reproduction via extra-

dominant individuals of both sexes, with the annual fitness increas-

pair copulations (Goossens et al., 1998) while subordinate females

ing until approximately 7 years of age and decreasing thereafter.

do not reproduce (with the exception of one subordinate female in

The decline in fitness observed after 7 years of age is in agreement

1995, Figure 5c) (Cohas et al., 2007; Hackländer, Möstl, & Arnold,

with actuarial senescence occurring between 6 and 8 years of age

2003). Then, they contribute little to the population growth rate

(Berger et al., 2016). The curvature seems to be slightly steeper for

and relatively less than dominant individuals, a fact explaining their

dominant females than for dominant males, with the annual dom-

constant negative fitness. The increase in fitness with age observed

inant females’ fitness increasing faster but also decreasing faster

in subordinate males suggests that the probability to gain extra-pair

than males’. This suggests a faster rate of decline in fitness in domi-

paternity increases with age. Young subordinate males (sexual ma-

nant females. However, no sex effect occurs in actuarial senescence

turity is reached at two years old) are likely unable to gain extra-pair

(Berger et al., 2016). Then, competing models specifically designed

paternity probably because they are less competitive than older ex-

to test this possible sex-difference in fitness decline are needed

perimented males.
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Due to viability selection, the proportion of high quality individuals gradually increases with age and only high quality individuals are
responsible for the survival pattern at old ages (Péron et al., 2010).
This likely also occurs when considering the pattern of fitness with
age. Thus, it is of primary importance to incorporate individual random
effects on the intercepts and/or on the slopes to account for the differences in individual quality and subsequent differences in trajectories. This could be easily implemented in the O3M by stating that the
intercept and slopes of the overall mean differ between individuals
and are actually sampled from a normal distribution. The mean of this
normal distribution will then be the mean estimate for the population
and its associated SD will give an idea of the difference in individual
quality that exists in the population.

5 | CONCLUSION
The O3M proved to be very useful and powerful for studying fitness
data calculated with the de-lifing method. More generally, this relatively new, theoretically sound, fitness metric, combined with the appropriate modelling framework opens new perspectives in ecological
and evolutionary studies. It is especially well fitted for microevolution studies by allowing for smaller scale and theoretically coherent
analyses. In the context of ongoing climatic changes for example,
we believe such metrics might be of great importance to study how
populations respond to rapid changes in their environment in terms of
fitness and therefore how species will be able to adapt (or not). We
therefore encourage its use in a variety of contexts, from theoretical
evolution to applied conservation studies.
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