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Abstract

Repeatability (more generally known as intraclass correlation) represents an important quantity
of interest in many scientific fields. It represents a metric for summarizing variance
decomposition to identify sources of variation in an outcome of interest (e.g. organismal traits).
The estimation of variance components is often achieved through linear mixed-effect models or
their extension, generalized linear mixed-effect models. Here, we review variants of calculating
repeatabilities from mixed-effects models for a variety of conditions and applications. We also
recommend which variant might be appropriate under what conditions, focusing on behavioural
biology/ecology examples. However, the decision is ultimately with the researcher, since it
depends upon their research question, and there is no one-size-fits-all solution. We also highlight
the importance of the scope of inference, which affects how repeatabilities are used and
interpreted. We recommend transparent reporting of statistical results, including all variance
components, which are the building blocks of repeatability. This review aims to assist empiricists
in choosing an appropriate repeatability variant and interpretation concerning their questions and

scope of inference.

Keywords: variance partitioning coefficients, intra-class correlation, mixed-effects modelling,

individual differences, repeatability, variance components
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1 Introduction

Understanding sources of organismal variation is a central goal in biology. This goal can be
achieved by statistical variance decomposition if observations are replicated within a group of
interests [1-3]. The choice of the grouping of interests depends on the subdiscipline; for instance,
evolutionary biologists are often interested in among-family or among-genotype variance,
behavioural ecologists in among-individual variance, community ecologists in among-plot
variance, and molecular biologists sometimes in among-strain variance. All disciplines may be
interested in measurement errors and variance within and among observers or techniques. The
metrics used to partition variances and compare them thus can be critical to advancing a

subfield’s research agenda.

A popular and efficient tool for estimating variance components is the linear mixed-effect model
(LMM) [1-4]. LMMs (and their extension, generalized linear mixed-effects models, GLMMs)
allow estimation of variance explained by random effects, where random effects represent
groups (or clusters) of observations, and they use the similarity of observations within groups,
plus the variation in expected values across groups, to estimate those variance components.
However, variances have some properties that create some challenges (cf. [5]). For example, the
magnitude of variance components depends on how the outcome (e.g., an organismal trait) is
measured, since variances are quantified in squared units of the measurement scale of the target
outcome variable. Different scales make it challenging to compare variance components across

studies.

A popular approach to this problem is to present variance components relative to the total

outcome variance, and such variance-standardized variance components are here called



78

79

80

81

82

&3

84

&5

86

87

88

&9

90

91

92

93

94

95

96

97

98

99

100

repeatabilities. Repeatabilities can be interpreted as the expected population-level correlation
among outcomes (observations) from the same group and thus represent a case of intra-class
correlations, ICCs [2]. We note that repeatabilities also represent a case of variance partition
coefficients, VPCs (for more on the difference between ICC and VPC, see [6]). Thus,
repeatability is an extremely useful metric in many areas of biology. Because it can be used to
address a variety of goals, however, various ways to calculate repeatability have arisen, which
can complicate comparisons among studies. Here, we organize types of repeatability and review
both their methods of calculation and the questions they can and cannot address. We note that
these same concepts also underpin heritability in quantitative genetics [4], where proportionate
variance attributable to additive genetic effects parallels the logic of partitioning variance among
groups (although we do not discuss heritability in much detail, our arguments on repeatability are

directly applicable to heritability) (cf. [7]).

The original application of repeatability was by engineers who were interested in the
reproducibility of particular outcomes [8], like the accuracy by which a machine might fill
specific amounts of liquid into a bottle or produce a screw that fits a specific nut. More broadly,
repeatabilities can be used to separate the among-group variance of interest from the sources of
variance within groups. For objects that do not change, such as the width of a screw, the within-
object variance represents measurement errors. For objects that do change, such as a young bird
undergoing development, the within-object variance represents more than measurement errors—
it can be a process that alters values within the group, as if a machine was sensitive to
temperature. Biologically, the within-object variance includes plasticity in response to
unmeasured environmental variables and other hidden biological processes (e.g., [9-11] ). The

among-object variance takes on new meaning in this case because it represents consistent
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differences in average group (cluster) outcomes relative to the total outcome variance in the

population, thus about relative, not absolute, consistency.

In behavioural biology/ecology, repeatability has become the primary metric for quantifying the
relative phenotypic consistency of individuals within a population. Repeatability (R) ranges from
R =0, meaning there is no consistent difference between groups (i.e., each group exhibits the
same range of outcomes as the total population), up to R = 1, meaning absolute consistency (all
observations within a group are identical but groups differ). Realistically, behavioural
repeatabilities often lie between these extremes, typically from near zero up to roughly 0.8, with
a meta-analytically estimated average of around 0.37 [12]. A key feature of repeatability is that it
is a proportion with a variance component of interest (e.g., among-individual variance) in the
numerator and some measure of total variance in the denominator. Because multiple variance
components can contribute to the denominator (and sometimes even the numerator), researchers
may define “repeatability” differently. For instance, some studies exclude measurement error
variance, while others might include additional sources of variation in their denominators.
Consequently, comparing published repeatability estimates can be intricate, since not everyone
calculates them in the same manner. Moreover, the concept of repeatability can address a range
of questions, such as the stability of a trait over time or the influence of measurement conditions,
so different “flavours” of repeatability may be relevant to different contexts. Ultimately, the
choice of which variance components appear in the numerator versus the denominator depends
upon the specific research question. To help clarify these distinctions, we present a taxonomy of
repeatability calculations, focusing on the variants that are most commonly encountered. Before
delving into these types, we begin by defining the standard or “ordinary” repeatability as it is

routinely calculated.
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1.1 Ordinary repeatability

The definition of (ordinary) repeatability is:

Vg Ve

R=-—"Y = (1.1)

T Vetvw Vol

where V' represents the variance between groups, Vw represents the variance within groups, and
Vo represents the total variance in the outcome (often, this is called the phenotypic variance in
behavioural and evolutionary biology/ecology; [13]). For this paper, we refer to the Vs as the
focal variance component of interest. Furthermore, we call the specific instances of the grouping
factor “objects” (these groups are often individuals in behavioural ecology or psychology [14])
and the particular outcome measures “observations”. We use “population of interest” in a

biological sense, meaning the set of organisms or objects about which we make inferences

Ordinary repeatability can be estimated from a mixed-effects model with a single grouping factor
and a residual variance (here, assuming Gaussian distributions, but see for generalizations to

other distributions in section 5). The statistical model can be expressed as (Model 1):

Yij = Bo + a; + &, (1.2)
a;~N(0,07), (1.3)
Sij"’N(O, 0'82), (14)

where y; represents the jth observation of the ith object, g represents the population-level

intercept (a fixed effect), a; represents the object-specific deviation (often called a ‘random
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intercept’) and &; is the residual term. In this setup, o2 is the among-object variance (the same as

V) and ¢ is the residual variance (analogous to ¥y although they are not the same beucase g2
could include variance due to measurement error, for example, but 62 and Vi often are assumed

to be the same). The repeatability from Model 1 is therefore:

&

(1.5)

- 2, .2
o4t+0¢

which parallels Equation 1.1. Because this model has a single grouping factor and a single
residual term, the resulting R is straightforward, hence the term ‘ordinary’ repeatability. Here, if
the outcome is truly constant for each object (i.e., no within-individual plasticity), then 1 — R can
be interpreted as a measure of measurement error. If the outcome is not strictly fixed (e.g., it
changes across time or environments), then 1 — R also encompasses within-individual variability

(such as phenotypic plasticity).

However, most datasets and questions in biology are more complex, often involving multiple
sources of variation that affect the outcome. This leads to multiple ways to calculate
repeatability, depending on the conceptual question (which variance components are of interest)
and the technical aspects of the statistical model (e.g., multiple random factors, fixed effects, or
non-Gaussian data). Various labels have been proposed for these alternative implementations of
repeatability. In the sections that follow, we structure these alternatives and illustrate how they
can offer different biological insights depending on the outcome variable, data structure, and

research goals.
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2 More complex random-intercept models

2.1 Multiple random effects

Real datasets often have a more complex hierarchical structure than expressed in Model 1, a
structure with multiple grouping levels. This simultaneously increases the options for calculating
repeatability and narrows the interpretation of a specific calculation. First, the complexity will
have to be reflected in the statistical model so that we have a mixed-effect model with multiple

random effects. A mixed-effect model with two random effects can be expressed as (Model 2):

Ynij = Bo + ¥Yn + & + Enijs (2.1)
Ya~N(0,07), (2.2)
a;~N(0,02), 2.3)
£1,~N(0,02), (2.4)

where y;, represents the deviation for the /th level of a second grouping factor (fitted as “random
intercepts™), assumed to be normally distributed with mean 0 and population-level variance o;;.
For example, y;, might capture variation due to different years or different observers while ¢;

captures variation among individuals. The other terms remain as in Equation (1.2).

Suppose our main interest is still the repeatability at the original group level a. Under Model 2,
there are three ways to calculate repeatability, relating to how the random effects (a; and y},)

might be nested or crossed and how they combine to form total variance (Figure 1).
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a.Nested b. Crossed

Figure 1. A conceptual example diagram of two types of pairs of random effects: a) Nested
random effects, such as nestlings within a nest (and that nest is associated with a particular
mother). Here, the mother identity varies at a higher level than nestling identities, creating a
strictly nested hierarchical structure. b) Crossed random effects, such as multiple individual birds
measured across different years. In a fully crossed design, each bird could be measured in each
year (and each year contains multiple birds), although real data might only partially cross these
factors if not all birds are observed yearly. The random effects included in a model should reflect
the sampling design used to collect data, and it is possible to have multiple nested effects,

multiple crossed effects, or a combination of both.
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Sometimes, the second random effect of a model captures measurement errors rather than
intrinsic biological variation. For example, if multiple observers or instruments were used, then
the variability attributable to that factor may be considered ‘design-induced’. In such cases, one
may exclude the second random effect’s variance from the denominator. We call the resulting

measure adjusted repeatability, R,,;, which is calculated (under Model 2) as [2]:

o0&

va =

2 (2.5)

2
oggtog

Note that omitting ;7 means the denominator of R, no longer reflects the total measured
variance. However, if y is indeed an experimental artefact (e.g., observer identity) rather than
meaningful biological variation, R,;, can approximate the ‘true’ proportion of variance that is

genuinely biological..

In other instances, the second random effect represents a real biological process, such as multiple
years or environmental conditions (Figure 1). If the goal is to express the variance of the focal

grouping factor () as a fraction of the total outcome variance, the second factor’s variance (o)

should remain in the denominator. This approach leads to unadjusted repeatability, R,,,:

2

Ry = 5—%— (2.6)

24 2, ;2
ogtoytog

Conceptually, R,,, resembles ‘ordinary’ repeatability (Equation 1.5), except it arises from a more

complex dataset and includes oy in the denominator. This version of repeatability is suitable

when y}, is crossed or nested below a; or simply whenever both factors are legitimate

contributors to the total variance, one aims to partition.

11
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Finally, if the two random effects are strictly nested, meaning y;, lies at a higher level than «;,

one may opt to include both 62 and G]E in both the numerator and the denominator. We refer to

this as multi-cluster repeatability, R,,3:

o4+0%

R,; = (2.7)

We recommend R,,; only when the nested structure is unambiguous and « is truly a sub-level of
¥n. An example is offspring nested within parents (e.g., [15, 16]). If nestling variance («;) and
parent variance () both describe the among-group component of interest, including them
together in the numerator and denominator (Equation 2.7) quantifies the overall repeatability of
individuals, including “family” effects. Indeed, if one ignores parents entirely and fits a simpler
Model 1, the results will approximate R,3. However, if the researcher’s focal question is the
repeatability across parents, treating nestling variance as part of the denominator, then R,,,

(Equation 2.6) is more appropriate.

Crossed designs also arise when, for example, individuals are measured repeatedly across years
(Figure 1b). In that scenario, the variance for year does not feed into the among-individual
variance; rather, the two factors are independent. Hence, multi-cluster repeatability, R,,3, is
inappropriate. The choice between adjusted or unadjusted repeatability (R,; vs. R,,,) depends
upon whether ‘year’ is a nuisance factor or a meaningful contributor to the total variance. In
many studies, it may also be valuable to calculate both variants to show how results change when

controlling for year versus treating year as part of the phenotypic background.

2.2 Single fixed effects

12
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Most biological studies have broader goals than simply partitioning variance among random
effects. Researchers often incorporate treatments or covariates as fixed effects, reflecting
hypotheses about how these factors influence the outcome. Accordingly, the resulting models are
termed ‘mixed-effect’ models because they include both random and fixed components. For

instance, consider a relatively simple model with one fixed effect (Model 3):

Vij = Bo + Bixwij + a; + €5, (2.8)
aiNN(O) O—c%)o (29)
Sij"’N(O, 0'82), (210)

where f; is the population-level regression coefficient for a covariate x;;; and other terms follow
Model 1. Because model output typically does not provide a direct variance estimate associated

with the fixed effect term (8;x;;;), one must custom calculate it (e.g., following [17]):

of = Var(Bxyy)) 2.11)
or
UE = 312 : Var(xlij)a (2.12)

where Var(x,;;) represents the variance in the covariate or predictor. With this additional
variance component o#, as with the random effects above (Section 2.1), we can calculate three
repeatabilities, which differ in whether or not the fixed effect variance o is included in the

denominator and, if so, whether it is also included in the numerator.

13
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Suppose a dataset comes from two labs analysing the same subject strains. Although ‘lab’ might
conceivably be modelled as a random effect, having only two levels often leads us to treat it as a
fixed effect. The variance associated with labs, however, is likely an artefact of the conditions
and measures of those labs. Accordingly, we can calculate adjusted repeatability by omitting lab-
induced variance from the denominator, just as in Equation 2.5. In this particular case, we can

use our earlier, simple calculation of repeatability:

o0&

va =

(2.13)

2 2°
ogtog

note that now the denominator no longer represents the total variance. Many published
repeatabilities in mixed-effect models with fixed effects are of this adjusted kind [2, 12].
However, this is frequently an unintended outcome because standard software packages typically
only provide random-effect variances by default, thereby excluding fixed-effect variances from

the denominator, often with no explicit decision by the researcher.

When one’s goal is simply to remove design artefacts (e.g., lab differences) from the total
variance, R,; can be appropriate. But if a fixed effect represents a genuinely biological process
(e.g., a temperature gradient), subtracting its variance from the denominator does yield a biased
estimate of population-level repeatability. Instead, it only gives the repeatability at a single
reference value (e.g., the mean temperature or one specific lab). Hence, removing biologically

relevant sources of variation understates the total phenotypic variance.

Most fixed effects in statistical models capture processes that affect trait variation. If a factor or

covariate varies within the focal grouping, it typically pulls variance from the residual term, in

14
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which case repeatability should not be adjusted; the fixed-effect variance then belongs to the
denominator. An unadjusted repeatability that includes the fixed-effect variance, R,,,, might be

calculated as:

&

Ry, = (2.14)

oZ+oi+a?’
As in Equation 2.6, 62 + o + 62 represents an estimate of the total outcome variance. This is
useful if we are interested in putting variance components in perspective of the total phenotypic

variance [7].

In some situations, a fixed effect is itself a group-level attribute (e.g., the altitude of each plot). In
that case, adjusting for altitude would partially reduce the among-plot variance (c2), thus
understating the natural variation among plots. One may instead calculate a repeatability that

restores this fixed-effect variance to the numerator and the denominator, for instance:

o2+0?

Ry3 = (2.15)

2 2 29
oatoptog

which has previously been called “enhanced” repeatability [3]. We note that this is equivalent to

ordinary repeatability, if we had omitted the altitude of the plot in the model.

As seen in Sections 2.1 and 2.2, the term ‘adjusted’ repeatability (Equations 2.5 and 2.13) does
not indicate which sources of variance were excluded. Complex fixed-effect structures—
especially those that vary at multiple levels—can yield blends of adjusted and enhanced
repeatabilities. It is therefore crucial for authors to explicitly state how they compute

repeatability if the goal is to allow cross-study comparisons. In behavioural and evolutionary

15
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research, non-biological factors (e.g., instruments, lab IDs) can often be omitted, whereas
biological factors (e.g., temperature, altitude, body size) should generally remain in the
denominator (and sometimes the numerator) unless one is specifically interested in the value of

repeatability at a reference setting.

For example, if one measures individual birds in two forests [18], using R,; might make sense if
the two-forest difference is truly an experimental artefact (e.g., forced sampling from both sites).
Conversely, if individuals might select forests according to habitat preference, or if the forests
reflect genuine environmental gradients, then treating ‘forest’ as part of phenotypic variance (an
unadjusted or “enhanced” version; R,,, or R,,3) is likely more biologically meaningful.
Ultimately, the data alone cannot dictate which repeatability variant is ‘correct’; it depends on

the biological context and the research question (see Figure 2).
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Figure 2. A conceptual diagram of three types of repeatability with an extra random effect
or a fixed effect: 1) R,,; represents adjusted repeatability controlling for an extra random effect
or fixed effect, 2) R, represents another type of adjusted repeatability where the extra variance
components are not part of the focal variance (e.g., individual ID), 3) R,,; represents either multi-
cluster repeatability (with nested random-effect structure) and enhanced repeatability (with a
fixed effect that is biological or a part of focal variance). Note, however, that it is sometimes

difficult to know what is biological and what is not (see the main text).
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305 2.3 Multiple fixed effects

306  Real datasets in many areas of biology often include multiple fixed effect predictors. The
307  presence of two or more fixed effects adds both conceptual and technical issues to repeatability

308  estimates. A model fitting two fixed effect predictors can be expressed as (Model 4):

309 yij = Bo + Bixuij + Baxaij + ap + & (2.16)
310 a;~N(0,02) (2.17)
311 &;~N(0,02) (2.18)

312 where 3, represents the population-level regression coefficient for the second covariate or
313 predictor, x,;; represents the covariate value for the ith objects measured at the jth observation of

314  the second predictor, and other terms are the same as in Model 3.

315  The variance explained by a set of fixed effects, regardless of correlations among the fixed
316  effects, can be lumped into a single variance component by calculating the variance in the linear

317  predictor:

318 62 = var(pX) (2.19)

319  where B represents the vector of regression coefficients, and X represents the fixed effect design

320  matrix. The variance o# can then be treated as in section 2.2.
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However, the situation is more complicated when fixed effects covary and the two covarying
fixed effects are to be treated differently with respect to repeatability variants R,,;, R,,, and R,,5.
If predictors are partially correlated, there is no unequivocal splitting of the outcome variance
into a part of the variance explained by x; and a part explained by x,. Parts of the variance will
be explained by both x; and x,. Note that while in section 2.2, 62 = Var(B,x;) and 6% =
BZVar(x,) were conceptually equivalent (even if numerically often slightly different)
Var(BX) # Y. 7 Var(x,) with correlated predictors unless the variance is explained by both
predictors x; and x, is subtracted on the right-hand side of the equation. We do not have the

same issue when there are multiple random effects, which are modelled as independent of each

other (cf. [19]).

There are options for partitioning the variance using partial variances explained [20]), but the
solutions will be highly case-specific. Some outcome variance is likely explained by both
predictors, and the question is where the shared variance components are assigned. In the general
case with multiple predictors and interactions, where interaction terms are correlated to their
main effects, there are multiple ways to attribute the variance to each predictor (i.e., input

variable; sensu [1]) and their interaction terms (see [20]).

3 Random-slope models

Many biological subfields are interested in how an outcome variable changes with a predictor
and whether that change varies among objects in a grouping factor. For instance, individual or
genetic variation in phenotypic plasticity is a major topic in evolutionary biology. Models that

capture this variation are often called ‘random-regression’ or ‘random-slope’ models because

19



342

343

344

345

346

347

348

349

350

351

352

353

354

355

356

357

358

359

they fit an interaction between a fixed effect and a random effect, allowing each group (e.g.,

individual, genotype) to have its own slope.

A simple random-slope model with one covariate and one grouping factor can be expressed as

(Model 5):

Yhij = Bo + (B1 + a1)xqj + ag; + &5 (3.1

laoi, a1;1~N([0, 0], Z) (3.2)

Y = T&0 PUagUm (3.3)
POg0o0q1 Oq1

&;~N(0,02) (3.4)

where f, represents the population-level slope for an observation-level predictor x; and a;;
represents the object-specific deviation from the population slope. The random components a;
and ay; are assumed to be multivariate normally distributed with means of 0 and variance and
covariances summarized by the matrix X, where ¢, and ¢, are the variances and po,,0,, the
covariance (p represents the correlation between random intercept and slopes). The other terms

are as in Model 3.

With such variation in the slope depending upon the level of the grouping factor, the
repeatability calculation becomes even more involved. There is no universal repeatability
anymore, since the variance explained by the grouping factor of interest changes as the covariate

changes [21]. In these cases, repeatability can be estimated at particular points along the
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covariate, termed a ‘conditional repeatability’ (as it is conditioned on the value of the covariate),
or an overall repeatability can be estimated across the entire range of the covariate, typically
called the ‘marginalized repeatability’. In the following, we first treat this variability in the form
of conditional repeatabilities and then suggest the marginalized repeatability as a valuable

benchmark for overall repeatability in the outcome with respect to the grouping factor of interest.

3.1 Conditional repeatabilities

Although we have a random-intercept component and residual variance as in Model 3, a
repeatability calculation following Equation 2.13 will result in a repeatability estimate that
applies only to the point where the covariate (as fitted in the model) is zero. This point is often
arbitrary and does not represent the overall relative magnitude of group-level variances [22],
since in a random-slope model, the group-level variance itself changes with the covariate’s

value.

With random-slope models, any specific repeatability estimate is conditional on the precise value
of the covariate, and is therefore referred to as the ‘conditional’ repeatability [22] (see also [2]).
Notably, conditional repeatability is not an ‘adjusted’ repeatability (as in Equations 2.5 and
2.16), because it is conditioned on a specific point with a specific group-level variance, rather
than being adjusted for the entire range (where variance may differ substantially at different x-
values). Indeed, conditional repeatability is effectively a function of x (the covariate) rather than

a single constant [22].

The random-slope variance component 62, determines the magnitude of change across values of

the covariate (at the extreme end if 62, = 0, the model reduced to a random-intercept model),
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while the covariance po,y0,, determines where (sign) and how far (magnitude) from x; = 0
where the minimum value of the conditional repeatability is located (Figure 3a). Negative
covariances occur if the minimum of the among-group variance component is located at positive
covariate values, while a positive covariance occurs if the minimum is located at negative
covariate values [22]). In other words (in strictly linear models), the correlation between random
intercepts and slopes can approach +1 or —1 as the absolute vale of x grows large in either

direction, which may be biologically unrealistic unless the range of x is bounded [23].

The conditional repeatability (R.) for any point of the covariate can be calculated as:

2 2 * *
0q01051X1+2p0g00q01%X1

R = (3.5)

2 2 g * 2
Ohot041X1+2Pp0q00q1X1+0¢

where x; represents a specific value of x, (like 25°C- for temperature, 245 days for age, or 45%

for humidity).

Conditional repeatabilities have rarely been explored (but see [24-26]), perhaps because it is not
generally understood that random-slope models imply variable group-level variances.
Repeatabilities can dramatically change along the range of the covariate (see Figure 3b). We note
that x; can be a binary variable (including dummy coded variables). For example, x; = 0 it
might represent one environment (forest A) and x; = 1, another environment (forest B). With
Equations 3.5, we can obtain environment-specific repeatability estimates in this case. Note,
however, that this assumes that the residual variance 62 is the same in both environments

(forests).
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We can combine adjusted repeatability and conditional repeatability. If there are more predictors
in the model, we can condition on some and adjust (or not) for others (choice of R,;, R,,,, and
R,3). Indeed, all three types of repeatabilities (R, R,,, and R,,3) can be used with conditional
repeatability and marginalized repeatability (which we will introduce in the next section see

Figure 3), given we have several fixed effects or covariates.
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Activity level

10 20 30 Water
temperature

Y

Conditional K Re N > -~ [N S Re N

repeatabilites (x=10°C) (x = 20°C) (x = 30°C)
N -

Marginalised R
repeatabilities M

Figure 3. A conceptual diagram of conditional and marginalized repeatability. using
‘Activity Level’ in an aquatic species as the outcome and ‘Water Temperature’ as the
covariate. a) The four panels show different possibilities for the intercept—slope correlation p. b)
The panel depicts hypothetical individual responses (lines) to changing water temperature. Each
individual has its intercept and slope, leading to varying differences in activity at each
temperature point (10°C, 20°C, 30°C). The conditional repeatability R is estimated at a specific
temperature x, while the marginalized repeatability R,, averages across the entire temperature

range.
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3.2 Marginalized repeatabilities

In random-slope models, no single value of R will be representative of the relative magnitude of
group-level variances (the larger the random-slope variance the less representative a specific
value of R will be) across the entire range of the covariate (except maybe for binary covariates
when we are interested in environment-specific repeatabilities as described above). However,
assuming that the range of the covariate as it occurs in the data is representative of the range of
conditions in the population of interest, we can calculate what we call ‘marginalized
repeatability’ that effectively averages group-level variances across the range of the covariate

(cf. [17, 27]). The marginalized among-group variance can be calculated as:

Gi = 05y + 0z Var(x,) + ¥{0g1 + 21040041,  (3.6)

where X; is the population-level mean value of the fixed effect x;. We can obtain marginalized

repeatability as (note that we assume here that there is only one fixed effect in the model):

&

Ry = (3.7)

=2 29
oqtog

where o7 is the outcome variance induced by the population-level slope as in Equations 2.11 and
2.12. Note that calculations are considerably more tedious for multiple correlated predictors,

although manageable (see [22]).

4 Post-stratification

For outcome variance explained by fixed effects (Equations 2.11, 2.12, and 2.19) and for

marginalized repeatabilities (Equation 3.6), the resulting repeatability values depend on the
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distribution of the covariate (specifically, the variance in the covariate and, in the case of
marginalized repeatabilities, also on the mean). In those calculations, we need not use the exact
covariate values observed in our data. Other values may be more representative of the population
of interest. Specifically, the variance of the covariate can be replaced by theoretically justified
values, a procedure known as ‘post-stratification’ (sensu [28]). This process modifies the scope

of inference (see Section 6 for further discussion).

An intuitive example of the usefulness of post-stratification comes from an animal study with
two sexes. Suppose that, due to a particular experimental design, we sampled disproportionately
more females than males, whereas the natural population has an even sex ratio. If we compute
the variance explained by sex (Equations 2.11, 2.12, and 2.19) using our sampled data, we
misrepresent the actual variance in the population. Likewise, when calculating a marginalized
repeatability (Equation 3.6), both the mean and variance of sex (coded as a covariate) would
reflect our sample rather than the population. By applying post-stratification, we can weigh our
calculations to match the true sex ratio, ensuring the fixed-effect variance for ‘sex’ aligns with

the population distribution.

Extrapolation to more extreme ranges of the covariate or to unobserved variances and means can
be risky if done without strong justification. However, interpolation may be useful. In many
experiments, environmental conditions are deliberately pushed toward extremes (e.g., setting
temperature near a species’ upper tolerance) to magnify potential effects. If we assume the
linearity of the effect, we can interpolate to a narrower or less extreme range of the covariate,
thereby avoiding an inflated total phenotypic variance. For instance, [7] illustrates how one

might shift from experimental extremes to more moderate conditions by adjusting the fixed-
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effect variance. Such interpolation aligns the functional insights from experiments with the

natural variation present in wild populations.

5 Non-Gaussian models

All the examples above have used Gaussian data-generating processes with (implicit) identity
links. Models 1-5 are thus often called linear mixed-effect models (LMM). However, all the
calculations can be generalized to non-Gaussian outcomes and links other than identity links.

Generalized linear mixed-effect models (GLMM) can be expressed as (Model 6):

tij = Bo +a;, (5.1)
a;~N(0,08), (5.2)
nij =9~ (i), (5.3)
yij = Dy, 6), (5.4)

where ¢;; represents the expected value for the ith object at the jth observation on the link scale,
B, represents the intercept on the link scale, a; represents the object-specific random deviations
on the link scale, g_1(€ i j) represents the inverse of the link function, D (7;;, 6) represents the
process-generating distribution, with a linear predictor 7;; and potentially other distribution-

specific parameters 6.

The parameterization of the distribution will differ between models. For example, a Poisson

model holds only a single rate parameter, such that D(ni s 9) in the general example above,
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reduces to Pois (m j) where 1;; is the rate of occurrence of an event of interest. In the case of a
binomial model, D(ni i 9) transfers to B(n,;;) where n is the number of trials and n;; is the
probability of success. As with many other distributions, the Poisson and the Binomial
distribution do not include a parameter for the variance, since the variance depends directly on
the expectation: 7;; for the rate in Poisson and 7;; for the probability of success in the Binomial
distribution. In such cases, it is usually necessary to include another residual term on the link
scale in the form of an observation-level random effect (OLRE) with as many levels as there are

observations ([29-31]; alternatively, negative binomial distributions could be used). Such a

GLMM with an OLRE can be expressed as (Model 7):

tij = Bo + a; + wyj, (5.5)
a;~N(0,0%), (5.6)
wij~N(0,07), (5.7)
nij =9~ (i), (5.8)
yij = Dy, 6), (5.9)

where w;; represents the residual (observation-level) deviation on the link scale, which is
assumed to be normally distributed with a mean of 0 and a population-level variance of 62 on
the link scale (i.e., the variance of the observation-level random effect), and other terms as in

Model 5. Also note that w;; is known as the additive dispersion term, which contrasts with the

multiplicative dispersion term, implemented, for example, in generalized linear models fitted by
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the g/m function in the software R (for more details on these two types of dispersion terms, see

[2D).

Non-Gaussian models can be thought of as having three scales ([32]). (1) The link scale of #;; on

which terms are linear, and the link-scale model behaves like a Gaussian model. (2) The

expected data scale of 7;; that represents a non-linear transformation of the link scale by the
inverse of the link function. (3) The observed data scale of y;; on which outcomes are observed.

The observed data scale is the scale of the outcome, and we usually want the repeatabilities on

that scale.

Among multiple alternatives (see [2]), the most straightforward way to calculate the repeatability
for non-Gaussian models is to infer the distribution-specific variance o that depends on the
process-generating distribution and the link function. This distribution-specific variance can then

be added to the denominator if appropriate:

&

R = gy (5.10)

The distribution-specific variance a5 is known for many popular distributions and link functions
[2, 27] and can be inferred for other distributions using the Delta method [27]. Consideration
should be given to whether the distribution-specific variance should be added to the denominator
[33]. This variance is related to the data generating process, and may represent sampling
variance, for example in the case of count data. Often count data represents a sample (e.g.,

number of individuals in a sampling area, number of occurrences of a behaviour in a sampling

period), and the Poisson variance represents the uncertainty generated by the sampling process.
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This sampling variance is a function of the mean and so relies upon the sampling effort. The
proportion of the total variance due to the Poisson sampling variance is reduced as the mean
increases, and so the maximum attainable repeatability will increase with sampling effort [33]. In
the case where the counts are based on a sample, it is more appropriate, therefore, to exclude this

distribution-specific variance in the denominator.

In case fixed effects are fitted on the link scale, there will be an additional source of variance; the
outcome variance due to fixed effects and considerations as in Sections 2.2, 2.3 and 3.2 do apply.
However, in generalized linear mixed-effects models (GLMMs), we have the non-linear link
function. A heuristic approach is to calculate the link-scale fixed effect variance following
Equation 2.11. However, since the link functions are inherently non-linear, it is better to use
integration over the range of the covariates to derive the variance on the expected data and,
finally, the observed data scale [32]. Nonetheless, repeatabilities on the link (latent) scale

described above is easier to obtain and can be useful [27].

6 A matter of scope

Above, we have reviewed some of the different options for calculating repeatabilities. The
choice depends on the research question. In the context of behavioural biology/ecology and the
study of individual differences, we are usually interested in having all components that represent
or are attributes of individuals in the numerator and all biologically relevant components that

contributed to outcome (phenotypic) variance in the denominator.

6.1 Pseudo-repeatabilities
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There are some pitfalls, however, and they can give rise to “pseudo-repeatabilities” that do not
represent the relative magnitude of individual (group) differences as desired [34, 35]. Often, the
issue of pseudo-repeatabilities comes down to a mismatch between the scope of the data (used to
derive estimates) and the intended scope of inference (the estimand of interest, i.e. the target
parameter). If the scope of inference is larger than the scope of the data, we have to generalize

beyond the data, which can be problematic and misleading.

All estimates of variances are also specific to the environment in which data were collected and
the sampling regime that was followed. Even the magnitude of among-group variances might
differ across environments, or between subpopulations. For example, repeatability of activity
level could differ substantially between warm and cold days [36], or between the sexes.
Similarly, juvenile repeatabilities might not represent those of adults. In genetics, a parallel issue
exists with heritability when data are collected from a restricted environment, but inferences are

drawn for a broader context (see e.g., [37]).

6.2 Understanding scope and timing

Similar considerations apply to the time scale of data collection. Repeatabilities over short time
scales are often comparatively high because individuals (objects) experience similar external
influences (over short frames), and these influences may differ more among individuals than
within them. If the scope of inference is about long-term repeatabilities—such as
lifetimconsistency in behaviour—short-term estimates are likely misleading, since they tend to
be upward biased by semi-stable external influences. That is, the estimate is not aligned with the

target of estimation (i.e., the estimand). To estimate long-term repeatabilities, we need data at an
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appropriate scope—e.g., repeated measurements per individual over their entire lifespan (cf.

[38]).

The choice between alternative ways of quantifying repeatabilities (described in Sections 2 and
3) ultimately depends on the scope of inferences. For instance, deciding whether to adjust for sex
(R,,) or not (R,,) depends on whether one aims to compare within-sex differences or across the
entire population. Since sex—in most gonochoric animals—is an inherent attribute of
individuals, some researchers treat variance explained by sex as part of the among-individual
variance, whereas others treat it as an additional explanatory factor that is removed from the
denominator. Neither option is inherently wrong, but each leads to a different implication. This
point again highlights that which variance components appear in the repeatability calculation is
dictated by the research question—albeit with the caveat that any component in the numerator

should also appear in the denominator (cf. [37]).

Another general timing problem arises if observations occur at a fixed time (e.g., midday), but
inference is sought about a broader range of times. Repeatabilities based on a single time point
can appear overestimated in that case. Similarly, if objects were measured across different times
but the time-level variance is excluded (i.e., using an adjusted repeatability), inferences may
again be incorrect. For instance, if the goal is to describe group-level variance over the full day,
an adjusted repeatability that removes all ‘time’ variance would be ‘over-adjusted’, so we could
call it “over-adjusted repeatability”. In other words, one might intend to estimate R, but instead

(by ignoring time) end up with R,,;.

6.3 Missing components and over-adjustment

32



574

575

576

577

578

579

580

581

582

583

584

585

586

587

588

589

590

591

592

593

594

595

Sometimes, not all relevant components will be known, or no data have been sampled to model
certain fixed and/or random effects. Such sampling regimes can lead to biased repeatability
estimates. In particular, omitting a higher-level random effect that is not a legitimate attribute of
the focal groups can also yield pseudo-repeatabilities. The lower-level random effects will then
absorb variance that belongs at a higher level [19, 39]. That is, although we might be calculating

R,, following Equation 2.5, we implicitly calculate a version of R,; when, in fact, we want R,,.

Notably, many published studies over-adjust repeatability. For example, Bell and colleagues [12]
found that most estimates were adjusted repeatabilities excluding any fixed-effect variance from
the denominator—even when those fixed effects captured biologically meaningful variation. For
instance, we might not want to remove age effects on a trait if it is truly relevant (age can
contribute both among- and within-individual variance; e.g., [24, 40]). At the same time, there
are cases where we do wish to isolate a trait’s repeatability at a particular age, so it can be valid
to adjust for age—provided the goal is explicitly stated and we also compare it to the unadjusted

counterpart.

Ultimately, researchers should be clear whether they are over-adjusting (i.e., omitting
meaningful biological variance from the denominator). Ensuring that all relevant higher-level
effects (e.g., multi-year or multi-site data) are included can help avoid pseudo-repeatabilities.
Conversely, if certain effects are purely methodological (such as instrumentation) and not of
biological interest, excluding them may yield a more appropriate estimate. The key is that the
chosen scope of inference aligns with how the variance components are assembled into the

repeatability measure.

7 Concluding remarks
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Repeatability, which we reviewed here (Table 1), is an important metric in many areas of
biology. It has expanded well beyond its original purpose of assessing the quality of
measurement techniques [41]. If used appropriately, repeatability can allow for new insights into
sources of phenotypic variance and how such variance evolves. Many of the issues we have
presented here also apply to measures of heritability (a standardized measure of additive genetic
variance for a referent population). We also note that there are alternatives for standardizing
variances, in particular mean standardization, in which variances are divided by the square of the
mean outcome value rather than the sum of variance components (the square root of this quantity
is known as CV or coefficient of variation; see [42, 43]). Our equations and considerations apply
equally when the population-level mean (or expectation) of the outcome average y? or better

E (y)? replaces denominators in each equation. Such mean-standardized variance measurements
remove the need to consider what is included in the denominator but still require careful
consideration of what is included in the numerator. Therefore, what we have described for

repeatabilities (ICC) helps obtain a mean-standardized variance value (e.g., CV) of interest.

The challenges researchers face is that any real dataset has unique structures that make simple
calculations of repeatability (or heritability) problematic. Our survey of these complications and
the types of repeatabilities that can be calculated tackles the most common complexities that may
exist. Navigating these in specific cases will take careful thought. We emphasize that having a
clear goal of presenting repeatability and a thorough understanding of how the data may or may
not be suitable for that goal is of primary importance. Usually, the goal of using any standardized
variance estimate is to make an inference about a natural population. If so, then the central task is
to understand how a dataset is or is not representative of that population. This is not easy, but it

is necessary and means that some thought is required and decisions made about what to use in
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the calculation. Thus, we advise that any published repeatability estimate comes with explicit
descriptions of how repeatability was calculated and why; more importantly, all variance
components should be reported regardless. Because we often do not know how well a dataset
matches the referent population, we might need several repeatabilities calculated under different
hypotheses for the potential mismatches. Such details will allow repeatability to be appropriately
used for comparative analyses. The potential for insight into the structure and evolution of

phenotypic variance can be achieved only with such details.
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626  Table 1. Types of repeatability, the symbol used for them in the text, the data structure of

627  relevance, and the inference goal for repeatability.

Name Symbol Data structure Inference
Ordinary R One grouping variable with How well the observation
sampling within and among is predicted by the group it
is in
Adjusted R, As above plus one or more Adjustment to accurately
random or fixed effects that assess how group identity
explain artefactual variance predicts values when
(such as lab or assay plate) aspects of data collection
produce artefacts or biases
Unadjusted R, Grouping variable plus Same goal as for ordinary
additional variables (either repeatability but with more
fixed or random) that are not complex data
artefacts
Multi-cluster R,3 Hierarchical nested random To assess how well lower
effects random effect predicts
values
Enhanced R,3 When a fixed effect varies at To include explained
the grouping level variance at the group level,
as it would contribute to
group identity predicting
values
Conditional R, Data having 1+ random effect  To assess how well group
and 1+ fixed effect with the identity predicts values in
magnitude of the fixed effect  a specified condition
depending on group identity
(random slope)
Marginalized R, Same as for Conditional Given random slopes, to

36

assess how well group
identity predicts values



628

Extrapolated

Interpolated

Data structure is non-
representative of the
population at large

Data structure is artificially
exaggerated (e.g.,
experimental conditions
exceed natural ones)

across the range of the
covariate

Same goal as for Ordinary
but using known bias to
extrapolate to the referent
population

Same goal as for Ordinary
but using known range of
data to adjust for the
referent population
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