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Abstract

Recently, there has been an explosion of studies focusing on animal “personality”, defined as
consistent individual differences in behaviour. Researchers within this field commonly partition
phenotypic variation in behavioural traits at the among- and within-individual levels, because
significant among-individual variation implies that a behaviour is repeatable and thus can be
subject to selection. It is well known that individuals can not only differ in their mean-level
behavioural expression, but also in how their phenotype varies over time, known as temporal
plasticity. However, another important yet largely overlooked aspect of behavioural variation is
that some individuals are consistently more “unpredictable” than others. This level of variance
corresponds to (unexplained) variation among successive measurements on a given individual.
Personality and behavioural plasticity have both been studied in many different contexts,
however research regarding the possible correlations between these two traits and
unpredictability is lacking. Here, I repeatedly assayed locomotor activity in wild white-footed
mice (Peromyscus leucopus) exposed to a 10-min novel environment test, to determine whether
their behavioural reaction norms exhibited consistent among-individual differences in intercept
(personality), slope (plasticity), and variance (unpredictability). Using a doubly hierarchical
generalized linear mixed model, I found that both the intercept and slope of the temporal reaction
norms were significantly repeatable (Rin= 0.39, Rsp= 0.23) and negatively correlated (r=-0.51).
Moreover, unpredictability was found to be significantly repeatable (Rs¢= 0.20), positively
correlated with intercept (»=0.92), and negatively correlated with slope (»=-0.51). To the extent
that these correlations reflect the underlying quantitative genetic architecture of behaviour, my
results suggest the presence of constraints on the evolution of behaviour across multiple levels of

variation.
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Resumé

Récemment, il y a eu une explosion d’études portant sur les différences individuelles en
comportement, communément appelées la « personnalité » animale. Il est bien connu que les
individus peuvent non seulement différer dans leur personnalité (expression moyenne du
comportement), mais aussi dans la fagon dont leur comportement varie dans le temps, ce qui est
connue sous le nom de plasticité temporelle. Cependant, un autre aspect important de la variation
comportementale mais largement ignoré est que certains individus sont plus « imprévisibles »
que d’autres. Ce niveau de variance correspond a une variation (inexpliquée) entre les mesures
successives sur un individu donné. La personnalité et la plasticité comportementale ont toutes
deux été ¢étudiées dans de nombreux contextes différents, mais les corrélations possibles entre ces
deux traits et I’imprévisibilité restent a faire. J’ai mesuré a plusieurs reprises 1’activité
locomotrice chez des souris a pattes blanches sauvages (Peromyscus leucopus) exposées a un test
d’environnement nouveau pour déterminer si leurs normes de réaction comportementale
présentaient des différences constantes entre les individus en mati¢re d’intercepte (personnalité),
de pente (plasticité) et de variance (imprévisibilité). L’intercepte et la pente des normes de
réaction temporelles étaient significativement répétables (Rin= 0.39, Ryp= 0.23) et négativement
corrélées (7=-0.51). De plus, 'imprévisibilité s’est avérée significativement répétable (Rsq
=0.20), positivement corrélée avec I’intercepte (=0.92) et négativement corrélée avec la pente
(=-0.51). Dans la mesure ou ces corrélations reflétent I’architecture génétique sous-jacente au
comportement, mes résultats suggerent la présence de contraintes sur 1’évolution du

comportement a travers les niveaux de variation.
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1. Introduction

1.1 Animal personality and phenotypic plasticity

Recently, there have been many studies focusing on individual variation in the field of
behavioural ecology. Animal “personality”, also referred to as “temperament” in the literature, is
defined as consistent individual differences in behaviour over time or across environmental
contexts (Réale et al., 2007). In this context, “consistent” means that differences in behaviour are
maintained when comparing one individual to another, but behaviour is not necessarily fixed
within an individual over time. Therefore, the behaviour of an individual can vary during aging
or differing environmental conditions, but generally differences between individuals are

maintained (Réale et al., 2007).

A common feature of animal personality research is the partitioning of phenotypic
variation in behaviour at the among- and within-individual levels (Dingemanse & Dochtermann,
2013). This is because a significant among-individual variation implies that a behaviour is
repeatable, and can therefore be potentially heritable and subject to selection (Endler, 1986). This
is important because evolutionary biologists are interested in how wild populations evolve over
time, and the heritability of a given behaviour is a pre-requisite to any ultimate explanation for
the adaptive variation among populations and species. Although behaviour is often regarded as
the most labile aspect of an individual’s phenotype, most behavioural traits are in fact repeatable
(Bell et al., 2009). Yet, a relatively large amount of behavioural variation exists beyond mean

individual level expression.

Individuals can not only differ in their overall activity level, but also in how their

phenotype varies over time and over environmental gradients — known as phenotypic plasticity



(Montiglio et al., 2010). Personality and plasticity can be studied together through the use of
behavioural reaction norms (Araya-Ajoy et al., 2015). While personality specifically is measured
through the centered intercept in the behavioural reaction norm, plasticity is measured through
the slope representing the extent of change in behaviour. Interestingly, there is increasing
evidence to support that personality and plasticity are potentially linked with one another
(Dingemanse et al., 2010). For example, less aggressive mice changed their aggression level
according to social context (i.e., they were more plastic), however this effect was not observed in
more aggressive mice (i.e., they were less plastic) (Natarajan et al., 2009). Behavioural reaction
norms can therefore allow the joint analysis of personality and plasticity to effectively study their

correlated evolution.

1.2 Predictability

Another important, yet largely overlooked, aspect of behavioural variation is that some
individuals are consistently more “unpredictable” than others. This level of variance corresponds
to unexplained variation among successive measurements on a given individual (Cleasby et al.,
2015; Stamps et al., 2012; Westneat et al., 2015). On a behavioural reaction norm,
unpredictability corresponds to the variance in the residuals surrounding an individual’s
regression trend line (Stamps et al., 2012). The possibility that individuals consistently differ in
predictability is intriguing, as such variation may have an adaptive basis. Heterogeneity in
residual variance has been studied in many different morphological traits in the animal breeding

29 ¢

literature; however, it is referred to as “dispersion”, “genetic differences in residual variability”,
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“micro-environmental variance”, “residual variance”, or “micro-environmental sensitivity”

(Felleki & Lundeheim, 2015; Hill & Mulder, 2010; Mulder et al., 2009, 2013, 2016; Neves et al.,



2012; Ronnegard et al., 2010; Sztepanacz et al., 2017). In these contexts, the heritability for
micro-environmental sensitivity can be useful, as it can be selected upon to reduce variance in a
desirable trait to optimize profitability, or to predict if a trait’s variation will decrease or increase
with selection on the mean (Felleki & Lundeheim, 2015). Altogether, studies on morphological
traits have shown that there can be a significant heritable component to among-individual
variation at the residual level (Hill & Mulder, 2010). Additionally, intraindividual variation
(predictability) has been studied in humans, where psychologists have examined traits such as
reaction time, emotional stability, reasoning, extraversion, and cognitive skills (Noftle &
Fleeson, 2010; Rosengren & Braswell, 2001; Schmiedek et al., 2009; Williams et al., 2005).
Interestingly, these studies have found that predictability can change across ontogeny, and that
individual differences in predictability can be stable over time and differ between test subjects

(Allaire & Marsiske, 2005; Hoffman, 2007; Stamps et al., 2012).

In the context of animal behaviour, however, predictability has rarely been studied, and
the heritability of predictability has only been shown in docility (Martin et al., 2017). If
predictability in exploratory behaviour were to be repeatable and heritable, it could potentially
have implications for predator avoidance, dispersal, or reproductive success (Réale et al., 2007).
For example, individuals who are less predictable may have a higher chance of avoiding
predators, disperse further in a given environment, or have fewer mating opportunities. For
instance, male fallow deer that were either too predictable or unpredictable in their willingness to
fight had lower mating success than individuals with intermediate predictability (Jennings et al.,
2013). But before we can investigate the adaptive potential of predictability in any behavioural
trait, it is crucial to first determine if individual differences in predictability are consistent

through time and correlated with personality and plasticity. Although personality and



behavioural plasticity are commonly studied together using “random regression” models
(Schaeffer, 2004), the addition of a third level of variation (predictability) greatly complicates
the statistical procedures involved (Martin et al., 2011). To properly model (co)variance at the
mean individual and residual levels, it is necessary to use a doubly hierarchical generalized linear
mixed model (DHGLM) (Ronnegérd et al., 2010). These DHGLMs are notoriously hard to learn
and code, which explains why personality, plasticity, and predictability are rarely studied
simultaneously (Westneat et al., 2013). This is unfortunate, because uncovering correlations
between personality, plasticity, and predictability could indicate possible constraints on the

evolution of behaviour across multiple levels of variation.

1.3 Exploratory behaviour

Personality traits like aggressiveness, sociability, boldness, activity, and exploration are most
commonly measured using standardised tests (Réale et al., 2007). Since it was first used on
laboratory rats 80 years ago (Hall & Ballachey, 1932), the novel environment test has been
heavily used in the fields of psychology and neurobiology to capture aspects of “emotionality”,
“exploratory drive”, “anxiety”, or simply locomotion (Archer, 1973; Hall, 1941; Walsh &
Cummins, 1976). The novel environment test has recently have gained popularity in behavioral
ecology because it was found that the average level of activity expressed throughout a novel
environment test can provide insights concerning the behavior of animals in nature (Boon et al.,
2008; Boyer et al., 2010; Fraser et al., 2001; Van Overveld & Matthysen, 2010). During
exposure to a novel environment, it is well known that activity levels change through time within
a single test (Montiglio et al., 2010). These temporal changes in activity are presumably the

reflection of short-term habituation to the novel environment — a special case of phenotypic



plasticity known as temporal plasticity (Rankin et al., 2009). A behavioural reaction norm
approach can capture individual variation in personality and plasticity, with the unexplained
variation corresponding to predictability. Therefore, considering minute to minute variation in
activity within repeated novel environment tests can allow the joint study of behavioral variation

across distinct levels (personality, plasticity, and predictability).

Though the behavioural reaction norm approach is useful to study the combined variation
in personality, plasticity, and predictability, there are implications for the variable selected to
quantify exploration. Studies using open-field tests have used a variety of variables to quantify
exploratory behaviour, such as distance moved in the open-field, number of gridlines crossed,
proportion of the arena covered, or the duration of time spent in the centre vs periphery (Careau
et al., 2012; Elder et al., 2008; Houslay et al., 2018; Montiglio et al., 2010; Szechtman et al.,
1994; Walsh & Cummins, 1976; Warren & Callaghan, 1975). In order to construct the
behavioural reaction norms, it is necessary to use a continuous variable for the y-axis, which
complicates the use of proportion variables, and leaves distance moved as a viable option that
can be readily generated. Focusing on distance moved exclusively to quantify exploration can be
criticized, as individuals with a high activity level in the open-field may be moving in only one
area of the arena (thus not exploring the majority of space), and yet are still considered more
‘explorative’ in this context. It is therefore important for studies focusing on exploration to
consider the relevance of their variable used to quantify the behaviour, in order to make
reasonable inferences on the personality trait. In this study, distance moved in the open-field was
used to quantify locomotor activity in a novel environment, which best allows for the combined

study of personality, plasticity, and predictability in the context of a novel environment.



1.4 Objectives

Personality and plasticity have both been studied in many different behavioural contexts and in
numerous species; however, research regarding the possible correlations between these two traits
and unpredictability is scarce. Additionally, among-individual differences in unpredictability
have yet to be shown in exploratory behaviour. This project will attempt to fill these gaps
through modelling repeated behavioural reaction norms to estimate the repeatability of
personality (intercept), plasticity (slope), and unpredictability (variance). Through modelling all
three levels of variation simultaneously, I will also attempt to find whether unpredictability in
exploratory behaviour is correlated with the mean individual-level expression and plasticity of

exploratory behaviour.

2. Materials and Methods

2.1 Study species

This project used wild white-footed mice (Peromyscus leucopus) as a study model. White-footed
mice are beneficial to use as they are both easy to catch, as well as abundant at the study site,
allowing for adequate sample size. Peromyscus leucopus are nocturnal mice that have a
polygynandrous mating system, and a home range that covers ~580m? according to population
density estimates (Wolff, 1985, 1996; Xia et al., 1991). Their populations fluctuate with annual
mass production, and they are more abundant during high food availability periods (mass years)
(Wolff, 1996). Additionally, male home ranges are two times larger than female home ranges
and overlap, while female home ranges are non-overlapping as breeding individuals become

territorial to immigrating females (Vessey & Vessey, 2007; Wolft, 1996).



2.2 Study site

Field work for this project was conducted at the Queens University Biological Station located
50km north of Kingston, Ontario (44°33’5”N; 76°19°27”W), and data collection for this project
was authorized by the Ontario Ministry of Natural Resources. Two trapping locations were used
on site, termed Cow Island and Blueberry Hill. Both trapping sites were covered by deciduous
forest, populated primarily with sugar maple (4cer saccharum) and oak trees (Quercus rubra
and Q. alba). Each trapping site contained a 15 x 15 m sampling grid that alternated between
Longworth-style traps (box: 8.57 x 6.35 x 13.97 cm; tunnel: 4.45 x 4.76 x 9 12.7 cm) and nest
boxes. However, only Longworth-style traps were used for capturing individuals in this study. In

total, 181 Longworth traps were used to trap individuals daily during the summer months over

the course of four years (2016-2019).

2.3 Captures

All mice were captured and handled in accordance to protocols approved by the University of
Ottawa Animal Care Committee and the Queen’s University Animal Care Committee.
Longworth traps were set at dusk in the evening and were baited with sunflower seeds, a small
piece of apple, and a square piece of polyester batting for insulation. Each trap was checked the
following morning at dawn. In cases where an individual was captured for the first time, they
were assigned a unique identification code and a permanent identification tag was installed on
each ear. On each capture, the body mass, sex, age, reproductive status, and parasite count of the
mouse were recorded. Age was recorded as juvenile or adult according to colour patterns

observed on the pelage. Juvenile mice exhibited brown and grey pelage above the molt line,



while adults were completely brown above the middorsal molt line (Collins, 1923). Reproductive
status was categorized as active or not depending on external sexual characteristics. After these
steps were completed at the study site, individuals were either released or placed back in their
trap and transported to a laboratory located ~600m away for behavioural measurement. Up to 16
mice were transported to the laboratory each day, and mice that had been tested less than 7 days
prior were released at the capture site. Moreover, females that were categorized as pregnant or
lactating were also released at the capture site and did not undergo behavioural testing. All mice

were released at their capture location on the same day.

2.4 Behavioural measurement

Behavioural measurement in the laboratory consisted of an open-field test, which involved
placing a mouse into a circular arena (radius = 70 cm) surrounded by black curtains, and video
recording its movement for 10 minutes (see Figure 1). The arena used in the test simulates a
relatively large novel environment where escape is prevented by surrounding walls (86 cm high).
Each test was recorded using a camera (Basler ace IR) positioned 2.09m above the arena and
connected to the Ethovision*! software. Tracking immediately began when the mouse was
detected inside the arena, and continued for 600 seconds at which point the test ended. The
mouse was then removed from the arena and weighed using a precision scale (Mettler Toledo,
Model ML1602T/00). The arena was washed with Accel® disinfectant and rinsed with water
before and after each test. The Ethovision®! software was used to extract the distance moved by
the mouse for each minute of the test, yielding 10 values for each individual. These values were
then used to estimate the behavioural reaction norms of distance moved in the open-field over

time.



2.5 Statistical analyses
I used a DHGLM to simultaneously analyze behavioural (co)variation at the mean (personality
and plasticity) and residual levels (unpredictability) in a single step. The DHGLM was run using
the brms package which fits Bayesian multilevel models in R (version 3.6.2) using the
programming language Stan (Buerkner, 2017), and models the standard deviation of the
behavioural reaction norms. Locomotor activity (distance moved in the open-field), the response
variable, was square root transformed to correct for overdispersion, and scaled (mean = 0,
variance = 1) prior to analysis. The fixed effects included in the mean and dispersion parts of the
model were test minute, Julian day, time of day, test sequence, sex, age, body mass, and
reproductive status. Test minute squared (after centering test minute) was also included in the
model to account for the non-linearity of the reaction norms (Figure 2). Therefore, each variable
(e.g., sex) appeared twice in the model: in the mean part of the model to test for an influence on
the intercept of the reaction norm (personality) and again in the dispersion part of the model to
test for an effect on residual variance (unpredictability). To test if a given variable also
influenced the slope of the reaction norms (plasticity), interactions between test minute and each
main effect above in the mean part of the model were included. All continuous variables were z-
transformed (mean = 0, variance = 1) and all categorical variables (sex, age, reproductive status)
were centered to allow for proper interpretation of fixed effects when involved in interactions
(Schielzeth, 2010).

Following Araya-Ajoy et al. (2018), a multilevel approach was adopted to analyze the
repeated behavioural reaction norms and partition the phenotypic variation in intercept

(personality) and slope (plasticity) at the among- and within- individual levels. Moreover, the



multilevel approach was extended to the dispersion part of the model, allowing to effectively
partition variance in the residuals (unpredictability) at the among- and within-individual levels.
Two random effects were included in the model, both fitted to include a random intercept term
and a random slope term to the mean part of the model, and random intercept to the dispersion
part of the model, and their covariance (i.e., 3x3 matrix). The first random effect included was
individual identity (“ID”’) to account for the among-individual variation in intercept, slope, and
variance. The second random effect was a variable grouping all 1-min observations made on a
given individual within a given test (“series”) to account for the within-individual variation in
intercept, slope, and variance. The repeatability of personality, plasticity, and unpredictability
were calculated using the following equations respectively:

(@) Vintamong / (Vint among + Vint within)

(b) Vstope among / (Vstope among + Vstope within)

(¢) Vsdamong / (Vsd among + Vsd within)

The DHGLM was fitted using 3 Markov chains, each including 50 000 iterations, 10 000
burn in iterations, and a thinning interval of 40. Default priors were used on all parameters,
which specified a half-f student distribution on the random effects, with 3 degrees of freedom
and a standard deviation of 10. Moreover, an LKJ correlation matrix with 1 degree of freedom
was specified, and acted as a flat prior on the correlations. The DHGLM converged, as indicated
by Rhat values (range 0.9994-1.0026), effective sample sizes measures (Bulk >2641, Tail
>2432), and assessment through visually inspecting the trace plots. Moreover, autocorrelation
among successive samples was checked to ensure that all parameter values fell below 0.05, and a

maximum value of 0.02 was indicated.
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3. Results

3.1 Descriptive statistics

A total of 909 open-field tests were conducted on 436 individuals (200 females and 236 males)
captured over the course of four field seasons (2016-2019). On average, individuals were
brought back to the lab twice, ranging from one to ten visits throughout the season. Only two

individuals were tested in two different years.

3.2 Population-level parameters

3.2.1 Reaction norm intercept (average activity)

Adults on average exhibited a lower intercept on their behavioural reaction norms compared to
juvenile mice (Table 1). Mice who were tested later in the season were less active than
individuals tested earlier (Table 1). Test sequence also had a significant and negative effect on
locomotor activity, reflecting that individuals decreased in their distance moved in the open-field
with each consecutive test (Table 1). Lastly, mice tested later in the day were less active
compared to those tested earlier (Table 1). Sex, body mass, and reproductive status did not exert

an influence on the intercept of the behavioural reaction norms (Table 1).

3.2.2 Reaction norm slope (plasticity)

As expected, test minute had a significant and negative effect on locomotor activity during the
open-field test, such that individuals on average decreased in their distance moved over time
(Table 1; Figure 2). Interactions with test minute were included in the model to identify
parameters that had an effect on the slope of the behavioural reaction norms. The interaction with

Julian day was significant and had a positive estimate, such that individuals tested later in the
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season had shallower (less negative) slopes (Table 1). Similarly, the interaction with test
sequence was significant and had a positive estimate, such that the slopes became shallower as
individuals were repeatedly tested (Table 1). Lastly, individuals that were heavier on average had
slopes that were steeper (more negative) than lighter individuals (Table 1). Time of day, sex, age,

and reproductive status did not influence the slope of the behavioural reaction norms (Table 1).

3.2.3 Residual variance (unpredictability)

Test minute had a significant and negative effect on the variance of the reaction norms, meaning
that, on average, individuals became more predictable as the open-field test progressed (Table 1).
Similarly, mice that were tested later in the season were on average more predictable than mice
tested earlier (Julian day; Table 1). Lastly, predictability increased on average with each
consecutive visit to the lab (test sequence; Table 1). Time of day, sex, age, body mass, and

reproductive status had no significant effect on residual variance (Table 1).

3.3 Among- and within-individual (co)variance

Both the intercept and slope of the behavioural reaction norms were significantly repeatable with
estimates of R = 0.39 and 0.23, respectively, and negatively correlated at the among-individual
level (Table 2). Therefore, individuals with higher activity on average throughout the open-field
test showed a greater decrease in their activity over time (Figure 3A). Unpredictability (residual
standard deviation) was found to be significantly repeatable (Table 2) with an estimate of R=
0.20. At the among-individual level, unpredictability was positively correlated with the intercept
(754.ir=0.92[0.64,1.00]; Figure 3C), implying that that individuals with a higher activity on

average had a higher variance exhibited on their behavioural reaction norms. Moreover,
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unpredictability was negatively correlated with slope (754.5=-0.51[-0.79, -0.12]; Figure 3E),
meaning that individuals with steeper (more negative) slopes were also less predictable.

At the within-individual level, the intercept and the slope of the behavioural reaction
norms were negatively correlated (7series= -0.19[-0.32, -0.07]; Figure 3B). Moreover,
unpredictability was positively correlated with intercept (7series= 0.26[0.13,0.34]; Figure 3D).
Therefore, when an individual displayed a higher activity than usual, its activity also decreased
more than usual (slope) and it was less predictable than usual. There was no significant
relationship between slope and unpredictability at the within-individual level (Table 2; Figure

3F).

4. Discussion

4.1 Overview

The objectives of this study were to 1) model repeated behavioural reaction norms to estimate
the repeatability of personality, plasticity, and predictability and 2) uncover the potential
correlations across these three levels of variation at the among- and within- individual levels.
Overall, I found that individuals significantly differed in their intercept, slope, and variance of
their behavioural reaction norms. Furthermore, unpredictability was negatively correlated with
intercept, and positively correlated with slope at the among-individual level. This study
demonstrates that in the context of a novel environment test, individuals can not only differ in
their mean activity level expression, but also in the variance of their activity expression. To the
extent that the among-individual correlations reflect the underlying quantitative genetic

architecture of behaviour, my results suggest constraints on the evolution of behaviour across
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multiple levels of variation. To my knowledge, this study is also one of the first to determine the

population-level parameters that influence predictability of exploration in a wild population.

4.2 Covariates of personality, plasticity, and predictability

Personality
Average distance moved in the open-field was influenced by age, Julian date, test sequence, and
time of day. Adults on average moved less in the open-field compared to juvenile mice, which is
consistent with findings in other species of mice (Micromys minutus, Mastomys natalensis)
(Schuster et al., 2017; Vanden Broecke et al., 2018), and a variety of other taxa (Biondi et al.,
2013; Miller et al., 2015; Ray & Hansen, 2005). Differences in exploration between adults and
juveniles has been attributed to the need for juveniles to gather more information about their
environment early in life, as well as their lack of experience with predators compared to adults
(Reader, 2015; Rodel et al., 2015). Moreover, it has also been suggested that juveniles are less
efficient at gathering information compared to adults, and therefore require more time exploring
novel environments to gather the equivalent amount of information (Biondi et al., 2013). The
negative effect of Julian date on distance moved means that individuals tested later in the season
were less active than individuals tested earlier (controlling for test sequence; see below), and this
seasonal pattern might be related to ageing effects within the coarse age categories (i.e.,
juvenile/adult).

The negative effect of test sequence reflects that individuals decreased in their distance
moved with each consecutive visit to the lab, which is a phenomenon that has been found in
many exploration studies (Archer, 1973; Dingemanse et al., 2002; Martin & Réale, 2008). A

negative test sequence effect suggests a long-term habituation effect over the season, where
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individuals effectively gathered knowledge based on previous testing experience, leading to
decreased activity in the open-field in subsequent testing.

Lastly, time of day had a significant and negative effect on average locomotor activity,
indicating that individuals who were tested later in the day were less active on average compared
to those tested earlier. This was somewhat expected, as white-footed mice are nocturnal
mammals who are most active at night and the open-field testing occurred primarily in the
morning. However, one confounding factor is the time spent in captivity before the open-field
testing. Mice that were tested later in the day spent more time in the trap between time of capture
and testing, and this could have contributed to those individuals moving less in the open-field

compared to individuals who spent less time in captivity.

Plasticity

Interactions with test minute showed which factors influenced the slope of the behavioural
reaction norms, and consequently short-term habituation to the open-field. Individuals who were
tested later in the season had shallower slopes compared to those tested earlier, and individuals
also displayed shallower slopes upon repeated testing. These results are consistent to those found
in eastern chipmunks, where individuals who were tested a second time in the open-field became
less active, with shallower slopes (Montiglio et al., 2010). A negative test sequence effect on
plasticity is also suggesting of a long-term habituation effect to the open-field. Rankin et al.
(2009) defines the first characteristic of habituation as repeated application of a stimulus
resulting in a progressive decrease of a response, where the change may include decreases in the
magnitude of a response. This is reflected in my study, as the repeated stimulus is the repeated

open-field testing, and the decrease in magnitude of a response is the decrease in overall activity
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(i.e., intercept; see above) and plasticity (i.e., shallower slopes). Interestingly, mice that were
heavier on average had slopes that were steeper (more negative) than lighter individuals during
open-field testing. This result is opposite to a previous finding in humans, where individuals with
a lower body mass index habituated faster (i.e., steeper slope) to psychological stress, compared
to those who with a high body mass index (Feda et al., 2015). Aside from this study on humans

by Feda et al., I am not aware of another study finding an effect of mass on habituation.

Predictability

The predictability of individuals during open-field testing was influenced by test minute, Julian
date, and test sequence. Both test minute and test sequence had significant and negative
estimates, which is indicative of both short- and long-term habituation to the open-field.
Negative test minute effects indicate short-term habituation within a test: mice became more
predictable as they gathered more information through the progression of the test. By contrast,
test sequence effects indicate long-term habituation across the season: mice became more
predictable with each consecutive open-field test. A negative test sequence effect is consistent
with empirical evidence from the psychology literature, where the variance of individuals
declines with increased experience and development (Stamps & Krishnan, 2014). In these
theoretical models, learning follows a Bayesian updating process where the past experience of an
individual informs their future decisions, and this causes individuals to have a decreased need to
be highly variable when the same situation is encountered (Stamps & Krishnan, 2014). Julian
date also had a negative effect on the variance, meaning that individuals who were tested later in
the season were more predictable compared to individuals who were tested earlier. This seasonal

effect again might be related to ageing effects within the coarse age categories (i.e.,
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juvenile/adult). There could also be potential seasonal/environmental factors that were not taken
into account in the model that could have led to individuals being more predictable later in the

season compared to earlier.

4.3 Repeatability

Accounting for the fixed effects mentioned above, the repeatability of intercept was estimated as
R=0.39, meaning that 39% of the total phenotypic variation in intercept is attributed to
differences among individuals. This repeatability estimate is consistent with the literature, as a
meta-analysis over a range of taxa found the average repeatability estimate to be R= 0.37 in
behavioural studies (SE = 0.01, N studies = 759, N taxa = 98) (Bell et al., 2009). More
specifically, studies focusing on exploration in species of mice and chipmunks have reported
repeatabilities ranging from R= 0.30-0.54, which are comparable to my study (Careau et al.,
2015; Montiglio et al., 2010; Newar & Careau, 2018; Schuster et al., 2017; Vanden Broecke et
al., 2018). It is important to note however, that most repeatability estimates in the behavioural
literature are calculated for the actual behavioural traits and not reaction norm components (i.e.,
intercept), and therefore include residual error in their calculation (V) (Araya-Ajoy et al., 2015;
Sonnweber et al., 2018). While trait repeatability is defined as the proportion of phenotypic
variance that is attributed to among-individual differences, reaction norm repeatability represents
how stable individuals are in their responses to environmental change over time (Sonnweber et
al., 2018). When more accurately comparing my repeatability results with another behavioural
reaction norm study on aggressiveness, | found that my estimate of intercept repeatability was

considerably lower than their intercept estimate of R=0.57 (Araya-Ajoy & Dingemanse, 2017).
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In terms of the repeatability estimate of slope, 23% of the variance was attributed to
among-individual differences. A different study on aggressiveness in male great tits reported a
higher repeatability of slope compared to my study (R=0.52), and used the same multilevel
reaction norm method (Araya-Ajoy & Dingemanse, 2017). There is substantial variation in the
duration of open-field tests, which can in turn impact estimates of repeatability and lead to
disparities among studies (Montiglio et al., 2010). Studies on rodents specifically have used
various cut-offs ranging from 4.5 to 60 minutes (Boon et al., 2007; Careau et al., 2015; Elder et
al., 2008; Montiglio et al., 2010; Newar & Careau, 2018; Schuster et al., 2017; Szechtman et al.,
1994; Vanden Broecke et al., 2018). In my study, the cut-off time for the open-field test was 10
minutes; had we use a 5 min cut-off, we would have obtained a repeatability of 0.48 [0.30,0.65]
for the slope (see table S1 in Appendix), thus illustrating the important point raised by Montiglio

et al. (2010).

Another aspect that varies greatly in the animal personality literature is the way in which
studies have calculated repeatabilities. In my approach, I applied the same formula (see
equations (a), (b), and (c) in section 2.5 above) to calculate repeatability for the intercept, slope,
and variance of the reaction norms. In order to use this approach, it is necessary to apply
statistical methods (i.e., mixed models) that partition the overall phenotypic variation to the
among- and within-individual levels. Some studies have used this multilevel approach in
calculating the repeatability of slope (Araya-Ajoy et al., 2015; Araya-Ajoy & Dingemanse, 2017;
Careau et al., 2020; Montiglio et al., 2010). The advantages of a multilevel approach to
calculating repeatability is that it provides both a reliable and robust estimate that is comparable
across the literature in other behavioural studies (Araya-Ajoy et al., 2015). Despite these major

advantages however, no other study to date has used this approach in calculating the repeatability
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of predictability. One major challenge in adopting this approach is the amount of required data
and repeated measures, which is often too large for many researchers and is not feasible under
time constraints (Mitchell et al., 2016). In my study however, the use of video-tracking software
to break up the average distance moved for each minute of the test allowed me to have the
necessary amount of repeated measures (i.e, 10 per test) to utilize this multilevel framework.
Using this approach, I found that unpredictability was significantly repeatable, with 20% of the
variance attributing to among-individual differences. This result is exciting, as it provides the
first evidence of predictability being repeatable in exploratory behaviour using these methods.
Repeatability is the first criteria for selection to act on a trait, and I suggest that future research
should investigate whether predictability in exploration meets the other criteria for selection:

heritability, and effects on fitness.

4.4 Hierarchical correlations

The second objective of this study was to uncover possible correlations among personality,
plasticity, and predictability. As expected, the intercept and slope of the behavioural reaction
norms were negatively correlated, such that individuals who were more active on average
exhibited steeper, more negative slopes. This study is not the first to find a relationship between
personality and plasticity (Araya-Ajoy & Dingemanse, 2017; Biro et al., 2013; Montiglio et al.,
2010; Natarajan et al., 2009; Nussey et al., 2005; Westneat et al., 2011). A negative covariance
between the intercept and the slope during open-field testing has been described as evidence for
two distinct methods for exploration: 1) superficial and 2) thorough (Montiglio et al., 2010). The
first method is used by individuals who explore their environment ‘superficially’ through being

more active at the beginning of the test, then rapidly decreasing in their activity over time (i.e.,
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high intercept and steep slope) (Montiglio et al., 2010). The second group of individuals are
grouped as ‘thorough’ explorers exhibiting consistent movement throughout the test with little

change (i.e., low intercept and shallow slope) (Montiglio et al., 2010).

A negative intercept-slope covariance may also arise through a common statistical
phenomenon known as ‘regression towards the mean’. Regression towards the mean occurs
when two related measurements are taken from a distribution, and when the first measurement is
extreme, the second measure falls closer to the population mean by chance (Nesselroade et al.,
1980; Stigler, 1997). This means that when repeated measures are taken on the same individual,
natural variation can appear as a significant negative correlation between an individual’s state at
time 1 and the change in state from time 1 to time 2 (Barnett et al., 2005; Kelly & Price, 2005).
Considering that regression towards the mean can occur in any variable that has a randomly
distributed error, it is important to rule this out when evaluating if the intercept-slope covariance
is a biological feature of the behavioral reaction norms (Barnett et al., 2005). One of the
statistical ways to control for regression towards the mean is the use of ANCOVA analysis, as
each subject’s follow up measurement is adjusted according to their baseline measurement
(Barnett et al., 2005). Analysis of covariance is effectively done through the use of the DHLGM,
as each individual tested is categorized into a unique cluster, and then has their second test
minute measure adjusted according to their cluster’s test average (calculated from the total 10
measurements within that given test). This means that for every individual tested in the open-
field, their subsequent measures of activity are corrected by their individual test average, which

successfully takes into account the differences caused by regression towards the mean.

One of the other major strengths of the DHGLM analysis is the ability to analyze

personality, plasticity, and predictability simultaneously to determine their covariance, which is
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preferable to two-step approaches involving extracting the residuals from a random regression
model and calculating variance in the residuals for each individual (Biro & Adriaenssens, 2013;
Briffa, 2013; Chang et al., 2017; Jennings et al., 2013; Jolles et al., 2019; Stamps et al., 2012).
Through the use of the DHGLM, unpredictability was found to be positively correlated with
intercept, and negatively correlated with slope at the among-individual level. This means that
individuals who had a high activity on average were less predictable compared to those with low
activity. Moreover, individuals who were less plastic were more predictable than those who were

more plastic.

Finding a positive relationship between the intercept and variance of the reaction norms
is somewhat inconsistent with the literature available on predictability. Mitchell et al. (2016)
found a negative correlation between mean activity rate and unpredictability in hermit crabs,
which is opposite to the relationship I found. In a different study on hermit crabs, Stamps et al.
(2012) found a significant positive relationship between average latency to emerge and
unpredictability, again contrasting to my results. Lastly, a study on mosquitofish found that there
was no relationship between unpredictability and average activity (Biro & Adriaenssens, 2013).
There is however, one study in agreement with my results. In agama lizards, Highcock and
Carter (2014) found that flight initiation distance was negatively correlated with unpredictability,
implying that bold individuals were less predictable than shy individuals. This is in agreement
with my results, as individuals who were the most ‘explorative’ in the open-field were also the
least predictable. One possible reasoning for this is that individuals can offset the risk of being
more explorative by being less predictable in their exploratory behaviour (Highcock & Carter,
2014). This is based on the assumption that protean escape behaviour (unpredictable movement)

is predicted to decrease predation risk, as predators experience difficulty anticipating the future
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position of their prey target (Driver & Humphries, 1970; Jones et al., 2011; Richardson et al.,
2018). Moreover, this logic also agrees with the previous claim that unpredictability increases
with predation risk (Briffa, 2013). In order to investigate these possibilities further, I suggest
future research could investigate how predictability of exploration varies in open-field tests with

the presence and absence of predator cues (e.g., scent, sounds, displays).

In terms of the relationship between unpredictability and slope, they were negatively
correlated such that individuals who were more plastic on average were less predictable. This is
in line with the predictions that individuals with increased plasticity should also exhibit increased
variance due to higher organismal error in calculating their ideal trait values (DeWitt et al., 1998;
Mitchell et al., 2016; Tonsor et al., 2013; Westneat et al., 2015). Another explanation that has
been proposed is that responsive (i.e., more plastic) individuals should select for unpredictable
behavioural patterns when predictable individuals can be exploited (Wolf et al., 2011). Some of
the situations in which predictable individuals can be exploited are prey species avoiding
exploitation from predators, or foraging species that avoid exploitation of their search effort and
information from competitors (Wolf et al., 2011). In my case, individuals being more
unpredictable in the way they explore may serve as a decreased risk to predation, potentially
driving this slope-variance correlation. It will therefore be important to consider the relevance of
exploration behaviour in relation to exploitation, in order to interpret a negative plasticity-
predictability relationship. Lastly, this study also demonstrates that separating co-variance at the
among- and within-individual levels is important, considering that plasticity was only correlated

with predictability at the among- but not within-individual level.

Together, these correlations between personality and plasticity to predictability suggest

that individuals are constrained not only to an ‘optimal’ reaction norm shape, but also a specific
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variance. Furthermore, through expanding the DHGLM framework to quantify these
correlations, we can better evaluate whether personality, plasticity, and predictability are
potentially involved in a combined behavioural syndrome (Mitchell et al., 2016). However, this
study on individual variation is only the first step towards a better understanding of the
quantitative genetic architecture of behaviour across multiple levels of variation. To uncover the
true genetic (co)variance, future studies require a population with a known pedigree, and can
therefore predict how selection on one level (i.e., personality) impacts the other levels in

question (i.e., plasticity and predictability).

Another aspect of this study that can be improved on in future research is the model
specification. In the current DHGLM analysis, the response variable (distance moved in the
open-field) was transformed (square root) and standardized to have a mean = 0 and variance = 1.
However, a more accurate model would specify the response variable to have a truncated
Gaussian distribution with a lower limit of 0 (as individuals could not move less than Ocm in the
open-field). This additional truncation specification would ensure the most accurate correlations
from the model and avoid any potentially spurious results from the response variable being
bound to 0 (Lee et al., 2003; Smith et al., 2009). When attempting to fit this truncated DHGLM
to my dataset, it failed to converge due to the inadequate sample size as well as the existing
complex model structure. It is therefore important for future studies to consider the amount of
necessary data required to run these complex DHGLM models, as well as understand how the
distribution of the response variable can limit the available methods for analysis. Though the
truncated DHGLM is the gold-standard for the most accurate correlation results, the current

DHGLM analysis is a significant improvement from previous two-step approaches used in the
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existing literature, and therefore serves as an important step forward in understanding and

analysing behavioural predictability.

5. Conclusion

It has been well established that individuals can differ both in their mean phenotype
(personality), and how their phenotype varies over time (plasticity). However, research on
personality and plasticity has rarely considered the unexplained variation around behavioural
reaction norms. This study contributes to fill in this research gap by determining if individuals
repeatedly differ in their ‘unexplained’ behavioural variation in the context of a novel
environment test. [ found that the intercept, slope, and variance of the behavioural reaction
norms were significantly repeatable. Moreover, unpredictability was positively correlated with
personality, and negatively correlated with plasticity. This study demonstrates that through a
multilevel DHGLM framework, the calculation of the repeatability of predictability can be done,
and that these three levels of behavioural variation are constrained to a certain extent. I suggest
that future research focus on investigating if predictability 1) is heritable as it is in docility
(Martin et al., 2017), 2) has fitness consequences, and 3) correlates with other relevant aspects of
the phenotype, such as locomotor performance (Berberi & Careau, 2019) and metabolic rate

(Fiedler, 2019).
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6. R Markdown
This section shows the R code used to run the DHGLM, as well as the model output.

library (MCHCglmm) #load MCMCglmm package
likbrary (brms) $load brms package
load (file="M3C ANALYSIS.RData") #load data for analysis

i S g g g s g s sy s s s s s sy
FREEEESEEEES 4 HE 4 HE S 4444 MODEL CODEFS#4 3344454444444 4034488344

#create model of distance moved~fixed effects+ random effects+ specify covariance
fml <- bEf(
DISTz ~ 14BIN=z4BINZ4JUL4MIN+4SEQ+SEX4+AGE+MAS+REP+
BINz : JUL+BINz :MIN+BINz:5EQ+BINz:SEX+BINz: AGE+BINz :MAS+BINz: REF+
(1+4BINz |C|ID)+ (1+BINz|D|ID DAY),
sigma ~ 1+BINz+BINZ2+JUL+MIN+SEQ+SEX+AGE+MAS+REP+(1|C|ID)+(1]|D|ID_DAY)

#specify the number of iterations in the warmup, total number of iterations,
#and the prior to be used

ml <- brm(fml,data=M5C RANALYSIS, # prior=prior,
warmup=10000, iter=50000, chains=3, thin=40,
control=list |
#adapt_delta

= 0.585,
max_treedepth = 15},
cores = 3)
save (ml, file = "M5C ANALYSIS M1.Rdata") #save the model results
load(file = "M5C ANALYSIS M1.Rdata") #¥load the model results
summary (ml) #summary statistics of the model
launch shinystan(ml) #launches shinystan website

#that allows for further model diagnostics



> summary (ml)
Family: gaussian
Links: mu = identity; =sigma = log

Formula: DISTz ~ 1 + BINz + BIN2Z + JUL
BINz:MIN + BINz:5EQ + BINz:
{1L +BINz | C | ID} + (1 +

sigma ~ 1 + BINz + BIN2Z + JUL

[(x 1 D | ID DaY)

#summary statistics of the model

+ MIN + SEQ + SEX + AGE + MAS + EEP + BINz:JUL +

SEX + BINz:AGE + BINz:MAS + BINz:EEF +

BINz |

+ MIN + SEQ + S5EX + AGE + MAS + EEF +

Data: MSC ANALYSIS (Number of observations:
Samples: 3 chains, each with iter = 50000; warmup

total post-warmup samples = 30

Group-Level Effects:
~ID (Humber of lewvels: 43&)

Qa

D

ID DAY)

5063)
= 10000;

Estimate Est.Error 1-55%
0.
.02
.03
.15
.10
0.
Tail ESS
2928
3032
2805
3033
2958
3lEE

sd(Intercept) 0.37
2d (BINz) 0.12
sd(zigma Intercept) 0.15
cor (Intercept, BINz) —-0.50
cor (Intercept, sigma Intercept) 0.84
cor (BINz, sigma Intercept) -0.46

Bulk ESS
sd(Intercept) 3070
sd (BINz) 3074
sd(sigma Intercept) 2933
cor (Intercept,BINz) 2869
cor (Intercept, sigma Intercept) 2907
cor (BINz, sigma Intercept) 25989

~IDr DAY (Humber of levels: 503)

Estimate
sd(Intercept) 0.47
2d (BINz) 0.22
sd(zigma Intercept) 0.40
cor (Intercept, BINz) -0.1%9
cor (Intercept, sigma Intercept) 0.23
cor (BINz, sigma Intercept) 0.03

Bulk ESS
sd(Intercept) 2914
sd (BINz) 2861
sd(sigma_ Intercept) 2918
cor (Intercept,BINz) 2840
cor (Intercept, sigma_Intercept) 2787
cor (BINz, sigma Intercept) 3081

o ooo

03

18

Est.Error
0.
.01
.02
.06
.06
0.
Tail ESS
2846
2637
2985
2619
2043
2832

o ooo

02

0

9]
o]
o]
-0
o]
-0

1-55%

-0

-0

CI

.30
.08
.14
. T8
1]
.80

CI

.43
.15
.36
.32
.12
.10

thin

40;
CI ERhat
-44 1.00
.16 1.00
.24 1.00
.21 1.00
.98 1.00
.12 1.00
CI ERhat
.51 1.00
.24 1.00
.43 1.00
.07 1.00
.34 1.00
.15 1.00

(1

C

ID)

+
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Population-Level Effects:

Estimate
Intercept 0.04
Sigma Tntercept -0.72
BIN= -0.35
BINZ2 0.11
JUL -0.15
MIH -0.05
SEQ -0.24
SEX -0.04
AGE -0.06
MaS -0.05
REP 0.03
BINz:JUL 0.04
BINz:MIN 0.01
BINz:S5EQ 0.11
BINz:S5EX 0.02
BIN=:AGE 0.02
BIN=:M4S -0.04
BINz:REP Q.00
sigma BINz -0.13
sigma BIN2Z 0.12
sigma JUL -0.05
sigma MIN -0.01
sigma_ SEQ -0.13
sigma_ SEX -0.01
sigma AGE -0.03
sigma MAS 0.01
sigma REP 0.02

Est.Error 1-95%

0.
.02
.01
.01
03
.02
03
03
03
.03
03
.01
.01
.01
.01
.01
.01
.01
.01
.01
.02
.02
.02
.02
.02
.02
.02

[ T e O Y e O e Y O e I Y e O Y e TN e Y e Y e Y e O e e O e O e s I s

03

Samples were drawn using sampling (NUTS) .
and Tail ESS5 are effective sample size measures, and ERhat is the potential

scale reduction factor on split chains

(at convergence,

CT u-95%
.02 0.
.76 -0.
.38 -0.
10 0.
.20 -0.
.08 -0.
.25 -0.
10 0.
.12 -0.
.11 0
.02 0
.02 0
.01 0.
.08 0
.00 0
.01 0
.08 -0.
02 0.
.15 -0.
.08 0.
10 -0.
.04 0.
17 -0.
.05 0
.07 0
.03 0
.02 0

For each parameter, Bulk ES5

CI
10
87
32
1z
10
01
14
01
01

.01
.08
LO7

03

13
.05
.05

01
03
10
14
01
02
0a

03
.02
.06
.06

Ehat Bulk ES5 Tail ESS

.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00

N N N I S e e el = el e e o = I I I SRy R SR

Ehat

3085
2940
3001
2785
2673
2988
2505
2858
2984
2857
2942
2811
3102
2966
2819
2910
2936
3189
2895
27949
3108
2966
28953
2910
3205
3040
2871

1).

2775
2823
27a7
3070
3020
2868
2906
2925
2840
2946
2846
2657
2870
2956
2811
3033
2947
2985
3025
2715
2943
2723
2636
2852
2788
2838
2702
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Tables and Figures

Table 1. Sources of variation in 909 behavioural reaction norms of 436 wild white-footed mice
(Peromyscus leucopus) during a 10-min open-field test, extracted from a doubly hierarchical
generalized linear mixed model. Distance moved during each minute of the test was analyzed as
function of test minute, test minute?, Julian day, time of day, test sequence, sex, age, body mass,
and reproductive status, fitted as main effects to both the intercept (personality) and standard
deviation (unpredictability) of the reaction norms. Main effects were also included in interaction
with test minute to test for their effect on the slope of the behavioural reaction norms (plasticity).
Shown are estimates of each fixed effect with their standard error (SE), and their 95% upper and
lower limits of credible intervals (see Table 2 for random effects). Bold values indicate

significance.

Credible Interval

Level Source Estinate = SE
Lower Upper
Intercept Intercept 0.041 + 0.030 -0.019 0.102
(Personality) Test minute -0.349 £ 0.015 -0.378 -0.320
Test minute’ 0.107 = 0.006 0.096 0.119
Julian day -0.148 = 0.026 -0.199 -0.096
Time of day -0.046 = 0.020 -0.086 -0.007
Test sequence -0.242 + 0.025 -0.289 -0.193
SeX[male] -0.045 = 0.027 -0.097 0.007
S 20.065 = 0.027 -0.118 -0.011
Body mass -0.051 £ 0.028  -0.107 0.005
Reproductive statusucgye) 0.029 + 0.025 -0.021 0.077
Slope Test mmute » Julian day 0.044 £ 0.013  0.020 0.069
(Plasticity) Test minute x Time of day 0.006 + 0.010 -0.014 0.026
Test mmute * Test sequence 0.106 = 0.012 0.081 0.130
Test mmute * Sex 0.024 = 0.013 0.000 0.04%
Test mmute * Age 0.023 + 0.014 -0.005 0.051
Test mmute * Body mass -0.036 £ 0.014 -0.004 -0.009
Test mmute * Reproductive status ~ 0.002 £ 0.013  -0.023 0.027
Standard deviation Intercept -0.717 £ 0.023 -0.764 -0.671
(Unpredictability)  Test minute -0.127 £ 0.011  -0.149 -0.104
Test minute’ 0.116 = 0.012 0.093 0.140
Julian day -0.054 £ 0.021 -0.096 -0.013
Time of day -0.009 = 0.017 -0.043 0.023
Test sequence -0.133 £ 0.021 -0.173 -0.093
SeX[male] -0.012 + 0.020 -0.051 0.028
AgC[juvenit] 0.029 £ 0023  -0.074 0.016
Body mass 0.015 + 0.023  -0.029 0.059
Reproductive statusq,g] 0.025 = 0.021 -0.018 0.065
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Table 2. Random effect variance components from a doubly hierarchical generalized linear
mixed model of distance moved in a 10-min open-field test. Individual identity was included as a
random effect to quantify the among-individual variance in intercept (Vint), slope (Vsip), and
standard deviation (Vsq). A random effect grouping 1-min observations made within a given test
(“series”) captured within-individual variance in intercept, slope, and standard deviation of the
reaction norms. Correlations (r) among reaction norm parameters are presented at the among-
and within-individual levels. Repeatability of the intercept and slope of the reaction norm were
calculated as Vint among / ( Vint among T Vint within) and Vslp among / ( Vslp among T Vslp within). Repeatability of
unpredictability (standard deviation of the reaction norm residuals) was calculated as: Vsd among
/(Vsd among + Vsd within). All values are reported as estimates with the 95% upper and lower limits of
credible intervals. Bold values indicate significance.

Credible Interval

Estumate
Lower Upper

(a) Among mdividuals:

Vint 0.130 0.085 0.185

Vip 0.016 0.007 0.025

Ve 0.037 0.018 0.057

P intslp -0.505 -0.754 -0.182

¥ odint 0.924 0.643 0.998

P sdslp -0.513 -0.793 -0.115
(») Within individuals (among series):

Vint 0.217 0.187 0.257

Vap 0.046 0.036 0.057

Ve 0.157 0.128 0.184

P intslp -0.192 -0.319 -0.073

P odint 0.256 0.125 0.341

P sdslp 0.023 -0.104 0.146
(c) Repeatability:

Intercept 0.387 0.267 0.489

Slope 0.230 0.122 0.382

Variance 0.198 0.104 0.285
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Figure Captions

Figure 1. Overhead view of the circular open-field arena (radius=70cm) used for behavioural
testing. Shown is one individual white-footed mouse (Peromyscus leucopus) in the centre of the
arena during a 10-min open-field test. The yellow dotted line represents the individual’s past
movement path, while the red dot shows the tracked centre point of the individual using
Ethovision*T tracking software.

Figure 2. Distance moved (metres) in a 10-min open-field test as function of test minute in 436
white-footed mice (Peromyscus leucopus) tested a total of 909 times. Shown are two
representative individuals with either high (green line, triangle symbol) or low (blue line, square
symbol) residual variance (unpredictability). Grey circles represent all observations, black circles
show average activity for each minute (+SD).

Figure 3. Among-individual (left panels) and within-individual (right panels) correlations
between reaction norm parameters in 436 wild white-footed mice (Peromyscus leucopus),
including the correlations between A-B) reaction norm intercept (personality) and slope
(plasticity), C-D) reaction norm intercept (personality) and residual variance (unpredictability),
and E-F) reaction norm slope (plasticity) and residual variance (unpredictability). Individual
deviations from the population mean are illustrated using best linear unbiased predictors (BLUP)
with their 95% credible intervals (CI) associated with the random effect of individual identity.
BLUPs associated to the random effect of test series were extracted to illustrate within-individual
deviations from individual means.
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Appendix

Table S1. Random effect variance components from a doubly hierarchical generalized linear
mixed model of distance moved in a 5-min open-field test. Individual identity was included as a
random effect to quantify the among-individual variance in intercept (Vint), slope (Vsip), and
standard deviation (Vsq). A random effect grouping 1-min observations made within a given test
(“series”) captured within-individual variance in intercept, slope, and standard deviation of the
reaction norms. Correlations () among reaction norm parameters are presented at the among-
and within-individual levels. Repeatability of the intercept and slope of the reaction norm were
calculated as Vint among / ( Vint among T Vint within) and Vslp among / ( Vslp among T Vslp within). Repeatability of
unpredictability (standard deviation of the reaction norm residuals) was calculated as: Vsd among
/(Vsd among + Vsd within). All values are reported as estimates with the 95% upper and lower limits of
credible intervals. Bold values indicate significance.

Estimate Credible Interval
Lower Upper
(a) Among individuals:
Vint 0.185 0.117 0.241
Vo 0.021 0.012 0.031
Vg 0.014 0.000 0.045
¥ int.slp -0.204 -0.465 0.065
¥ odint 0.656 0.098 0.964
¥ sdslp -0.368 -0.840 0.164
(5) Within individuals (among series):
Vint 0.270 0.235 0.326
Ve 0.025 0.015 0.034
Vg 0.139 0.098 0.179
¥ intslp -0.312 -0.476 -0.145
T odint 0.026 -0.134 0.177
¥ sdslp 0.089 -0.165 0.278
(c) Repeatability:
Intercept 0.381 0.284 0.501
Slope 0.480 0.299 0.647
Variance 0.099 0.000 0.271
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