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Abstract

Many traits show plastic phenotypic variation across environments, captured by their norms of re-
action. These reaction norms may be discrete or continuous, and can substantially vary in shape across
organisms and traits, making it difficult to compare amounts and types of plasticity among (or even within)
studies. In addition, the evolutionary potential of phenotypic traits and their plasticity in heterogeneous
environments critically depends on how reaction norms vary genetically, but there is no consensus on
how this should be quantified. Here, we propose a partitioning of phenotypic variance across genotypes
and environments that jointly address these challenges. We start by distinguishing the components of
phenotypic variance arising from the average reaction norm across genotypes, genetic variation in reac-
tion norms (with additive and non-additive components), and a residual that cannot be predicted from the
genotype and the environment. We then further partition the genetic variance of the trait (additive or not)
into an environment-blind component and a component arising from genetic variance in plasticity. We
show that the additive components can be expressed, and further decomposed according to the relative
contributions from each parameter, using what we describe as the reaction norm gradient. This allows for
a very general framework applicable from the character-state to curve-parameter approaches, including
polynomial functions, or arbitrary non-linear models. To facilitate the use of this variance decomposition,
we provide the Reacnorm R package, including a practical tutorial. Overall the toolbox we develop should
serve as a basis for an unifying and deeper understanding of the variation and genetics of reaction norms

and plasticity, as well as more robust comparative studies of plasticity across organisms and traits.
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Introduction

The phenotype of a given genotype can vary in response to its environment of development or expression,
through a phenomenon broadly described as phenotypic plasticity (Schlichting & Pigliucci 1998; Bradshaw
1965). Phenotypic plasticity is currently attracting considerable interest in the context of rapidly changing
natural environments (Gienapp et al. 2008; Chevin et al. 2010; Merild & Hendry 2014). While the mere exis-
tence (and even prevalence) of phenotypic plasticity is uncontroversial, its relative contribution to observed
or predicted phenotypic change in the wild (Teplitsky et al. 2008; Gienapp et al. 2008; Merila & Hendry 2014;
Bonamour et al. 2019), as well as the extent of its interplay with population-level processes such as natural se-
lection and population dynamics (Reed et al. 2010; Vedder et al. 2013; Schaum & Collins 2014; de Villemereuil
et al. 2020), are very active research areas. Answering these questions requires biologists to be able to dissect
and compare phenotypic plasticity in detail in a wide range of traits, environmental contexts and species. This
requires a methodology that is appropriate for each context, while being general enough to be comparable
across contexts.

The relationship between the phenotype and the environment is captured by the reaction norm (or norm
of reaction), which is defined at the level of genotypes (Woltereck 1909; Schlichting & Pigliucci 1998). Reaction
norms encompass phenotypic responses to both continuous environments (such as temperature, salinity, etc.)
and categorical/discrete ones (such as host plant for a phytophagous insect). Within a simple model of reaction
norm, quantifying plasticity may be straightforward. For instance, both empirical (Charmantier et al. 2008;
Nussey et al. 2005) and theoretical (Gavrilets & Scheiner 1993a; Lande 2009) work have extensively relied on
the assumption of a linear reaction norm, whose slope is used as a metric of plasticity, since it quantifies how
much phenotypic change is induced per unit environmental change. However, regression slopes are signed
and have units of trait per environment, so even in this simple case some standardisation is needed in order to
compare the magnitude of plasticity among studies. Beyond this simple scenario, drawing robust conclusions
about phenotypic plasticity requires being able to quantify and compare its magnitude across organisms, traits
and environments, in a way that is applicable across the statistical frameworks used to study plasticity.

Beyond how much phenotypes change with the environment, how they change can also be of importance.
First, different reaction norm shapes may come with different biological interpretations. For instance, a bell-
shaped (eg quadratic, Gaussian) reaction norm may indicate that some mechanism underlying a measured
trait is maximized at an intermediate value of the environment. This is often expected for traits that are direct
components of fitness, or that can be interpreted as proxys for performance, for which the reaction norms
are generally termed tolerance or performance curves (Lynch & Gabriel 1987; Deutsch et al. 2008; Angilletta

2009). A sigmoid shape, on the other hand, may indicate that plasticity is directional but that the range of
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possible phenotypes is constrained, or that selection favors discrete-like variation (Moczek & Emlen 1999;
Suzuki & Nijhout 2006; Hammill et al. 2008; Chevin et al. 2013). Second, most theoretical models on the
evolution of plasticity, especially those based on quantitative genetics which are most directly comparable to
empirical data, assume a given reaction norm shape - often linear for simplicity (Scheiner 1993b; Tufto 2000;
Lande 2009). The extent to which theoretical predictions on the evolution of plasticity apply to any particular
empirical system thus depends on how well the reaction norm shape assumed in the models conforms to
observations in this system. In other words, we need some metric for whether a reaction norm is “mostly
linear” or "mostly curved”, for instance. In addition, when fitting a particular model of reaction norm shape
to an empirical dataset, we would like to know how well this model captures the overall plastic variation of
the trait across environments.

A third crucial question regarding reaction norms is how (and how much) they vary genetically. It has
long been recognized that plasticity can evolve if reaction norms vary genetically (Bradshaw 1965), and theory
has predicted how different aspects of reaction norm shape are expected to respond to selection in a variable
environment (de Jong 1990; Gomulkiewicz & Kirkpatrick 1992; Gavrilets & Scheiner 1993a). However this
theory has been little applied empirically, except for predictions about the slope of linear reaction norms (or
phenotypic differences between two environments). But beyond this, it should also be of interest to identify
which aspects of reaction norm shape are more likely to evolve, based on how they vary genetically. For
instance, a reaction norm may be highly curved (e.g. quadratic) but have little genetic variability in curvature,
instead mostly varying in position, height, or local slope. Distinguishing between the genetic variance of the
trait, marginalised across environments, and the genetic variance of plasticity itself, can also be a conceptual
and methodological challenge. There is thus a need to compare genetic variation in different components of
reaction norm, but previous attempts to do so (in a meta-analysis) were limited by methodological obstacles
(Murren et al. 2014, see the Appendix). In fact, comparing genetic variation in the slope versus curvature of a
reaction norm, for instance, is not straightforward, as these parameters have different scales and even units
(trait per environment, vs trait per squared environment). Moreover, even the notion of average slope and
curvature can have different meanings depending on the assumed distribution for the environment. Genetic
variation in reaction reaction norm shape can be analyzed by estimating variation in the parameters of a con-
tinuous function of the environment, as done by the flexible framework of function-valued traits (Kirkpatrick
& Heckman 1989; Gomulkiewicz & Kirkpatrick 1992; Stinchcombe et al. 2012). In addition, it would be useful
to be able to compare the relative contributions of variation in different aspects of reaction norm shape to the
overall variance arising from plasticity of a trait.

We herein propose a theoretically justified and generally applicable framework to estimate and partition

the phenotypic variance of reaction norms, towards three main goals: (i) quantify the contribution of plas-



ticity to the total phenotypic variance in reaction norms; (ii) evaluate the contribution of different aspects of
reaction norm shape, and of the full assumed reaction norm model, to overall plastic phenotypic variation;
and (iii) quantify heritable variation in the trait and its plastic component, due to the different aspects of the
reaction norm. We provide this framework as a new R package Reacnorm, including a tutorial to guide users
in applying it. Our hope is that this will stimulate more quantitative investigations of the ways in which
phenotypic plasticity contributes to phenotypic variation and evolutionary change.

Table 1: List of the main notations, as well as their source of variation. We here distinguish the “focal” environment,
which only concerns the environmental variable used to parametrise the reaction norm, from other putative sources
of environmental variation that may influence the phenotypic trait (sometimes described as micro-environmental vari-
ation). “Everything” in the table thus includes all (focal and other) sources of environmental and genetic variation,
developmental noise and measurement error.

Notation Explanation Varies over
z  Phenotypic value for the trait Everything

z  Phenotype as predicted from the environment and the genotype Focal environment,
genotypes

¢ Environmental variable =
1 Vector of the average value of the phenotypic in each environment Focal environment
G, Additive genetic variance-covariance matrix of trait values across en- =
vironments (character states)

0, Vector of parameter values of the reaction norm for genotype g Genotypes
6 Vector of mean values of the reaction parameters over the genotypes =
Gp Additive genetic variance-covariance matrix of the reaction norm pa- —
rameters
. Reaction norm gradient, the vector of partial derivatives of the pheno-  Focal environment

type z against reaction norm parameters 6,, averaged over the geno-
types at environment ¢
W Variance-covariance matrix of ¢, across environments —
Ve Total phenotypic variance in the trait z —
Vres  Residual variance, not explained by the reaction norm —
Vpias, Py, Phenotypic variance arising from changes in the mean reaction norm =
across environments; divided by Vp for P}%N
VGens HgN Total genetic variance in the trait across environments; divided by Vp —
for HSN
Vadds h?{N Total additive genetic variance in the trait across environments; di- —
vided by Vp for ha
Va, 2 Environment-blind additive genetic variance of the trait, i.e. based on —
the mean breeding values across environments, divided by Vp for K2
VaxEs hl2 Additive genetic variance arising from plasticity, i.e variance of the =
mean-centred breeding values, divided by Vp for h?
7s1, Tcy  Proportion of Vpi,s explained by the average slope (7s) or curvature —
(7cy) of the average reaction norm
@i, ij  Proportion of Vp,5 explained by parameter i, or by covariation between —
parameter i and j for a polynomial reaction norm
Yivij  Proportion of Vaqq explained by the additive genetic (co)variation in —
parameter i (and j)
1i, 1jj  Proportion of Vaxe explained by the additive genetic (co)variation in =
parameter i (and j)




92

93

94

95

96

97

98

99

100

101

102

103

104

105

106

107

108

109

110

1

112

13

114

115

116

117

118

Reaction norm models

In the broadest sense, a reaction norm is a decomposition of phenotypic variation among known (often con-
trolled) versus unknown sources of environmental variation. In this sense, we can start by decomposing the
phenotypic trait z into two components:

2=3+% (1)

The first term Z is the reaction norm, that is, the component of phenotypic variation that can be predicted
(hence the hat notation) from knowing both the genotype (which we will note g throughout) of an individual
and the environment (which we will note ¢ throughout) in which it developed. Note that by “environment”, we
mean either an experimentally controlled environmental variable, or a focal variable (e.g. temperature) within
anaturally occurring environmental context. The second term Z is the component of the measured phenotype
that cannot be predicted from genotype and environment, and arises from unknown environmental factors
(usually described as micro-environmental variation), developmental noise, and measurement error.

Types of reaction norms z can be further categorised according to the type of environmental variation.
The environment may be inherently categorical and unordered, such as host plant for a herbivore insect. It
may be ordered but with no (or unknown) quantitative value, such as low, medium, and high treatments. Or
it may be ordered quantitatively, with values that are either intrinsically discrete, such as habitat quality, or
continuous, such as temperature or salinity.

When environments are categorical, the reaction norm can be studied by treating phenotypic values in
different environments as alternative 'character states’, considered as different traits in a multivariate frame-
work (Via & Lande 1985; Falconer 1952). The mean character state may differ among environments if the
trait is plastic; phenotypic and genetic variation may be larger in some environments; and phenotypes may
be more or less correlated across environments (Via & Lande 1985; Falconer 1952). Such a modelling frame-
work is readily described by Equation 1 for a genotype g and environment ¢ (where the index k is used to
reflect the discrete aspect of the environmental variable). In practice, such an approach would correspond to
an ANOVA (or a mixed model) with discrete environment and genotype-within-environment as (random) ef-
fects of the model. In its most compact form, such a statistical model can be framed as a multivariate Gaussian

distribution, with the number of dimensions corresponding to the number of categories in the environment,

z~N(pGz), (2)

where p is the vector of expected phenotypic values (across genotypes) within each environment, and G, is

the genetic variance-covariance matrix of trait values within and across environments.
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For quantitative environments (both discrete and continuous), the most common approach is to model

the reaction norm as a function of environment and genotype:

z=f(&0,), (3)

where ¢ is the environmental value, and 6y is a vector that contains the parameters of the function (e.g. coeffi-
cients associated to each exponent for a polynomial) for each genotype g; these parameters are thus genetically
variable. The parameters 6, are generally assumed to be polygenic and thus follow a multivariate Gaussian

distribution,

0, ~ N(8,Gy), (4)

where 0 is the vector of average parameter values across genotypes and Gy is the additive genetic variance-
covariance matrix of the parameters 6,. This approach has been described alternatively as the “reaction
norm” approach, the “polynomial approach”, or a parametric version of function-valued traits. To keep it
general here and avoid confusion with the general concept of reaction norm as defined in Equation 1 (which
applies even to categorical environments), we will describe it as the “curve-parameter” approach. Note that
Equation 4 assumes that the only source of variation in reaction norm parameters 0 is genetic. In cases where
reaction norms can be measured in individuals using repeated measurements across environments (individual
plasticity sensu Nussey et al. 2007) it can be necessary, or useful, to include other sources of variation in 6,
including confounding environmental effects, or permanent environmental effects. For the sake of simplicity,
we will assume throughout that all variation in 6 is genetic, but we show in Appendix C5 that relaxing this
assumption only affects how non-genetic variances are computed.

It can be shown that the character-state and curve-parameter approaches are equivalent, following the
spirit of de Jong (1995), who showed that a polynomial curve of sufficient order is exactly equivalent to a
character-state model. In particular, the character-state in Equation 2 can be expressed using Equation 3 and
Equation 4 by letting @ = p, Gy = G, and f a function that outputs the kth value of 0, when evaluated at
¢ environment (see Appendix A). In the following, we will derive general results using the more general
formalism of Equation 3 and Equation 4, and then express them for the particular case of the character-state

approach when relevant.
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Partitioning variation in reaction norms

Complete partition of the variation in reaction norms

The total phenotypic variance in the reaction norm can be partitioned by isolating independent components
of variation. The main reasoning will be summarised here, with more mathematical details provided in the
Appendix A to Appendix D. For a start, the terms in Equation 1 are assumed to be independent, such that
the total phenotypic variance V(z) (usually noted Vp) is the sum of the variance predicted by the genotype
and the environment V(Z2), plus a residual component of variance V(z;), which we will note Vges. Then, a
second distinction can be made between the general, average shape of the reaction norm, and the genotype-
specific variation surrounding such an average, as illustrated in Figure 1 using a quadratic reaction norm. The
component of phenotypic variance arising from plastic responses to the environment by the mean reaction
norm, i.e. after averaging across all genotypes (Figure 1), will be denoted Vpy,s. This variance can be considered
as fully ascribed to the environmental component of phenotypic variation. The component of phenotypic
variation attributable to genetic variation in the reaction norm Figure 1 will be denoted Vie,. As these two
components are independent by construction, denoting as Ey|.(Z) the expected value of the reaction norm

across genotypes at a given environmental value ¢, we have
V(é) =V (Eg\e(i)) +V (2 - Egls(é)) = Wplas + VGens (5)

such that

W= VPlas + VGen + VRes. (6)

Compared to the classical equation Vp = Vg + Vg + Vg (Falconer & Mackay 1996; Lynch & Walsh 1998;
Des Marais et al. 2013), the correspondence is that Vg = Vpias + Vres and Vigen = Vi + Voxg- Also note that both
decompositions make the same common assumption that genotypes and environments are not correlated. We
have thus decomposed the environmental variance into a component due to phenotypic plasticity in response
to € (Vplas) on the one hand, and any other residual source of phenotypic variation (Vges) on the other hand,
as commonly done in theory (Via & Lande 1985; Gavrilets & Scheiner 1993a) as well as in practice.

The genotypic variance Vgen, accounts for all sources of genetic variation, including the genotype-by-
environment interaction. Note that this contrasts with a view where the genotype-by-environment interac-
tion is instead associated with the environmental component, e.g. as plastic variance (Scheiner & Lyman 1989;
Scheiner 1993a; Falconer & Mackay 1996; Lynch & Walsh 1998). As seen above, Vi, can be decomposed into

the genetic variance of the trait, measured using its average genotypic value across environments (V5), and the
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Figure 1: lllustration of the full variance decomposition using quadratic reaction norms. We start from the reaction
norms (left graph, grey lines, the residual variance is not illustrated) and compute their average shape across all geno-
types (left graph, red line). The phenotypic variance arising from this average shape is Vpj,s. Centering the reaction
norms along this average shape directly yields the distribution of the breeding values along environments (middle
graph, purple lines), because in this quadratic case, the non-additive genetic variance is VNonadd = 0. The total variance
of the breeding values along the environment is Vaqq. The classical, environment-blind additive genetic variance Vj is
the variance of the breeding values averaged across environments for each genotype (middle graph, green dots). The
Vaxe is the variance of the reminder of the breeding values after mean-centring (right graph, blue lines).

variance arising from genotype-by-environment interaction (Vgxg). Here, we will apply such decomposition
at the level of the additive genetic variance (Vaq4q), relegating all the non-additive parts of Vi and Vgxg into a
common Vyonadd component (Figure 1), arising from dominance and epistasis (Lynch & Walsh 1998; Falconer
& Mackay 1996). Usually, models like Equation 2 or Equation 4 are defined using additive genetic variance-
covariance matrices for their basic parameters, meaning that Va4q can be directly estimated from the models.
As such, we will discard explicit inclusion of dominance or epistasis variance components in a theoretical or
statistical model throughout, for the sake of simplicity. However, non-additive genetic variance can still arise
from non-linearity in the (assumed) developmental system (Rice 2004; Morrissey 2015; de Villemereuil et al.
2016; de Villemereuil 2018), meaning that non-additive variance can be generated by the reaction norm itself.
Looking at Equation 3 and Equation 4, the ultimate source of any additive genetic variation in the trait z comes
from the additive genetic variation in the parameters 0. As a result, non-additivity in the trait arises when
the function f (e, 0) in Equation 3 is non-linear with regard to 6, a situation we will refer to as “non-linearity
in the parameters”. Importantly, this means that polynomial (e.g. quadratic) functions, which are linear in
their parameters, are such that Vyonadd = 0 and Vgen = Vadg-

When studying the evolution of plasticity, it proves useful to further decompose Vy4q into two compo-
nents. The first is the environment-blind additive genetic variance of the trait, arising from differences in
average breeding values between genotypes, and typically equal to the classical V4. In other words, Vj is the
variance of the breeding values after averaging them across environments (Figure 1), as would be obtained

if the genotype-by-environment interaction was ignored altogether. For example, it would be the output of
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a simple animal model analysis of repeated measurements of a plastic trait in a wild population. The sec-
ond component of Vaqq is the additive genetic variance arising from plasticity, which we will note Vaxg (for
additive genetic component due to genotype-by-environment interactions). Vaxg is the remaining additive
genetic variance in the reaction norm after removing the mean breeding value for each genotype (Figure 1).
This definition is akin to the one used by Albecker et al. (2022), but here more directly expressed in terms of
variance of breeding values, i.e. additive genetic variance. It measures the potential for evolution of plasticity
in the trait. Notably, if Vaxg = 0 but Vagq > 0, then the additive genetic variation in the reaction norms is only
due to average differences between genotypes, i.e. the reaction norms of different genotypes are parallel. The
variances Vj and Vjxg are exactly equivalent to the classical decomposition using Vi and Vgxg, only applied
to the heritable part of the genetic variance. We show below that it is possible to express Vaqq, Va and Vaxg in
a way that encompasses all approaches of reaction norm, from a character-state to a curve that is non-linear
in its parameters, by computing reaction norm gradients of the trait z with respect to its reaction norm pa-
rameters 0, in line with previous theoretical results for the quantitative genetics of non-linear developmental
systems and non-Gaussian traits (Morrissey 2015; de Villemereuil et al. 2016),.

The complete partition of the phenotypic variance is thus:

Vo = Wplas + VA + Vaxt + VNonadd + Vies- (7)

From this, it is possible to derive unitless quantities of interest, for instance by standardising by the pheno-
typic variance, which is more widely applicable and appropriate than mean-standardisation in the context of

reaction norms (Pélabon et al. 2020). In particular:

(8)

is the proportion of the phenotypic variance arising from average plastic responses to environments (depend-
ing on the average reaction norm shape). Variance-standardised additive genetic variances are heritabilities.

In our case, we can use Vaqq, Va or Vaxg as the numerator, yielding the following relationship:
Vadd _ Va _Vaxe

h2y = —<
N Vp Vp

= h* + K. (9)

In other words, the heritability of the trait when fully accounting for its reaction norm (hI%N) is equal to the
environment-blind heritability of the trait (h%, based on the breeding values averaged across environments)
plus the heritability from plasticity (h2, based on the breeding values by environment interaction). If it is

not possible to measure additive genetic variances due to limitations in the experimental design (e.g. when
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“genotypes” correspond to populations, accessions or clones), it is possible to perform the same decomposition

using “broad-sense heritabilities”,

Hiy = =t = H? + H?. (10)

In all cases, the quantity:

Wplas + Ve
Ty = == = Pin + Hiy (1)

would measure the proportion of the phenotypic variance explained by the (possibly plastic and genetically
variable) reaction norm, and thus our ability to predict the individual phenotype from the genotype and
the environment. In a linear context with respect to the parameters, when the environment is considered a

fixed quantity, the quantities PI%N and T2

xy are analogous to the (resp. marginal and conditional) coefficient of

determination of the reaction norm (Nakagawa & Schielzeth 2013; Johnson 2014), but their definition here is
given beyond that simple context. Relaxing the assumption that the only source of variation in 6 is of genetic
origin (e.g. individual plasticity, Nussey et al. 2007), we show in Appendix C5 that only the computation of Vp
and TI%N are slightly affected.

Importantly, so far we are not making any statement about the actual reaction norm shape: PﬁN captures
the contribution of the average reaction norm regardless of its shape, and the broad- or narrow-sense heritabil-
ities the contribution of various aspects the genetic variation to the phenotypic variance. The contribution
of detailed aspects of reaction norms shape to phenotypic variation are obtained by further partitioning Vpj,s

and the additive genetic variances, as we do below.

Contributions of reaction norm shape and parameters to the plastic
variance

As stated in Equation 5, the general definition of the variance arising from the average reaction norm is
Vplas =V (Eg| 6(2)). Important simplifications arise in more particular cases. For example, when the assumed
curve is linear in its parameters, Eg.(2) = f(e, 0), where 0 is the average value of the parameters across
genotypes. In particular, in the case of a quadratic reaction norm (Scheiner 1993a; Gavrilets & Scheiner

1993b; Morrissey & Liefting 2016):
f(e,0,) = (a+ag) + (b+bye+ (¢c+cy)e?, (12)

where @, b, € are the average intercept, first- and second-order parameters of the model, and a4, b, and c, are

genotype-specific deviation from these average values for the same parameters, we can express Vpj,s simply

10
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as:

Volas = b2V (€) + 2V (£%) + 2bccov(e, €2). (13)

If the environmental variable ¢ has been mean-centred and is symmetrical, then cov(e, £2) = 0 and the third
term vanishes. Finally, in the case of a character-state model, the average phenotype in each environment
¢k is readily provided by the i in Equation 2, so that Vpjps = V(). Once Vpjos is computed, its standardised
version PI%N follows by dividing by the total phenotypic variance.

Pushing the analysis further, we aim to compute the contributions of different aspect of reaction norm
shape to the overall environmental plastic variance of the trait, notably the contribution of its slope and
curvature, which we will denote as 75 and 7cy, respectively. For this, at least one of two of the following
assumptions must be valid: (i) € follows a normal distribution, or (ii) the true reaction norm is quadratic. In
all cases, it also require that the environmental variable has been mean-centered. A last requirement is for f
to be at least twice differentiable with respect to ¢ (which excludes e.g. the character-state approach). In this
case, these terms simply depend on the average first- and second-order derivative of Ey|.(2) and the variance

of ¢ and ¢? (see Appendix D1):

dEg, . \2 2B, )\
E(SE@) Ve 1B (G G) Vi)
= , , = . 14
sl Vplas e Vplas ( )

An important point arising from Equation 14 is that the relative importance of variation in the slope and cur-
vature components of reaction norm depend on variation in the environment, respectively V(¢) and V (¢?)
(note that V (82) = 2V (¢)? if the environment is normally distributed). Crucially, we chose to express this
partitioning using the mean environment as the reference environment (as commonly practiced, e.g. Morris-
sey & Liefting 2016), but any other choice of a reference environment would result in a different 7-partition,
notably due to a non-null value for Cov(e, £2). Fortunately, neither Vpj s nor P}%N are impacted by this choice
in the reference environment. Furthermore, if the reaction norm is linear in the parameters, the derivatives
of Eg|¢(2) can be directly taken as the derivatives of f. In particular, for a quadratic reaction norm as in
Equation 12, for a mean-centred environment, those quantities simply are:

b2V (e) 2V (£?)
b ”CV Rl —

JIs] = s (15)

VPIas VPlas

consistent with the fact the first and second order coefficients of a quadratic polynomial correspond to its
average slope and curvature, respectively. Only in this configuration do we have g + 7cy = 1. Unfortunately,
this simple, geometric interpretation of the polynomial coefficients is lost above the second-order case (see

Appendix D).

11



265

266

267

268

269

270

271

272

273

274

275

276

277

278

279

280

281

Figure 2 shows the values of 5] and 7¢y for various quadratic reaction norms, assuming ¢ follows either
a normal or uniform distribution, with same mean 0 and variance 1. The values for 75 and ¢, translate well
the perceived “trendiness” (for large 7s)) or “curviness” (for large ncy) of reaction norms, but they may also
strongly depend on the statistical distribution of the environmental variable ¢, as shown especially in the third
example of Figure 2. In this example, the difference arises because the assumed environmental distributions
have different kurtosis (the scaled fourth central moment, related to V(£?) in Equation 15). Because V (¢?) is

larger for the Gaussian, this distribution leads to larger zc, than the uniform.

Gauss. TTg] = 0.97,71'CV = 0.03 Gauss. Tg| = 0.03,7TCV =0.97 Gauss. Tlg| = 0.33,7TCV = 0.67

Unif. 75 = 0.99, ¢, = 0.01 Unif. 75; = 0.07, ¢, = 0.93 Unif. 7tg; = 0.56, ¢, = 0.44
& & {
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Figure 2: Computation of x5y = m, and ncy = 7., the relative contributions of linear and quadratic terms to pheno-
typic variation caused by the mean reaction norm, for different shapes of reaction norms, and two distributions of the
environmental variable &: a standard Gaussian (of mean 0 and variance 1), and a uniform distribution between —V3
and V3 (of mean 0 and variance 1).

When it is not possible to assume that ¢ is normally distributed (because it is discrete, or experimentally
constrained) and a quadratic assumption is not a good fit to the reaction norm, it is always possible to use
a higher-order polynomial model to approximate the true reaction norm, in line with theoretical work by
de Jong (1990), Gavrilets & Scheiner (1993b), and de Jong (1995). In this case, we can conduct an alternative
decomposition based on the parameters of the polynomial (rather than the mean slope and curvature of the
function), using the fact that a polynomial curve is linear in its parameters. To distinguish this parameter-
based decomposition from the specific decomposition in terms of slope and curvature, we use a different
notation. The relative contribution of a given exponent m in the polynomial to the variance caused by the

mean plasticity becomes (see Appendix D2)

62V (e™)
Pm = ——, (16)
VPlas

and the contribution of the covariance between exponents [ and m is

3 20,0,,Cov(éel, e™)
VPlas ‘

(17)

Pim
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Note that even with a symmetrical and mean-centred environment, the covariance between higher-order
exponents will not be zero in general, contrary to ¢ and 2 in the quadratic case. Using orthogonal polynomials
would solve this issue of covariances, but at the cost of a more complex interpretation of the coefficients.
More generally, this ¢-decomposition only relies on the assumption that the reaction norm is linear on its
parameters, which includes polynomials as a particularly useful special case. We summarise the requirements

and applications for the 7- and ¢-decomposition depending on the context in Figure 3.

What is the type of A P
the environrr)l,sntal 4 Categorical > Compute Vpias from
variable? or Ordinal the character-state
Discrete Compute Vpis from the charac_tc?r—
(e.g. controlled environment) state and use the ¢-decomposition
on a polynomial curve

No

(Discrete)

Continuous
(e.g. wild population)

No - Compute Vpias from a good

Is a quadratic
fit curve, optionnally use

curve a good fit?

No

(Continuous)

the o-decomposition
using a polynomial curve

Yes

Is the environment ] Compute Vpps from the
normally curve parameter and
distributed? J Yes use the T-decomposition

Figure 3: Decision tree summarising our suggested workflow for the computation and decomposition of Vp|,s, depend-
ing on the nature of the environmental variable, its normality and the validity of a quadratic approximation of the
reaction norm shape.

Contributions of reaction norm parameters to the genetic variance

We can expression the variance of the genotypic values of the reaction norms in Equation 5 in a slightly

different, but more operational, manner:

Veen =V (2 - Egle(i)) =E (Vgls(i)) s (18)

i.e. the total genotypic variance of the reaction norms is equal to the environment-specific genotypic variance
averaged across environments. As explained above, this total genetic variance can be further decomposed into
the genetic variance and the genotype-by-environment variance, i.e. Vgen = Vi + Voxg (Falconer & Mackay
1996; Lynch & Walsh 1998; Des Marais et al. 2013). From an evolutionary perspective, the component of

main interest is rather the total additive genetic variance of the reaction norm Vaqq, which will be the main
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focus of this section. As a reminder, we here assume, that the experimental design allows for the inference of
the additive genetic variance of the parameters of the reaction norm (G, or Gy above), and that non-additive
variance in the trait Vyonadd only arises when the reaction norm is non-linear in the parameters (i.e. dominance
and/or epistasis were not fitted in the statistical model). This assumption is for the sake of simplicity, as our
framework can include such effects into Vgep, if needed.

A general way to relate the additive genetic variance of the trait to the additive genetic variances of the
reaction norm parameters is through a vector that we describe as the reaction norm gradient, which we will

note @, (following notations in de Villemereuil et al. 2016),

12)
Y. = Eg (£) > (19)

where the subscript ¢ makes it clear that g, will generally be a function of the environment. In the case of a
quadratic curve, g, is the (1, ¢, £2)T vector (see Appendix C3 for a polynomial of arbitrary order). In the case
of a character-state model, ,, is a vector with 1 for the kth environmental level (or character state), and zero
elsewhere. Whether or not the reaction norm is linear in its parameters, the additive genetic variance of the

trait in a given environment ¢ is (Morrissey 2015; de Villemereuil et al. 2016, and see Appendix B),

Vaje = ¢l Gotpe, (20)

where superscript T denotes matrix transposition, Gg the genetic covariance matrix of reaction norm pa-
rameters as defined in Equation 4 for the curve-parameter approach, and Gy is G, from Equation 2 for the
character-state approach. The total additive genetic variance in the reaction norm, Vaqq, is the average of V4,

across environments (see Appendix C1):
Vaaa = E (9] Gow) . (21)

The environment-blind additive genetic variance of the trait V4, based on breeding values averaged across

environments, is (see Appendix C2)

Va = E(.) " GoE(9,). (22)

Although some elements of E(¢,) and Gy can be negative, the fact that Gy is a variance-covariance matrix
ensures that V4 > 0 (see Appendix C2). The additive genetic variance arising from plasticity is thus (see

Appendix C2):

Vaxg = Vadda —Va =E (ngTGelIls) — E(p:) GoE(y.). (23)
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If we define ¥ = E (p.9!) —E (y.)E ()", the variance-covariance matrix of the reaction norm gradients
across environments, then a more intuitive way to express Vaxg is as a sum, for all pairs of parameters, of the
(co)variance of their reaction norm gradient across environments (in ¥) and their additive genetic (co)variance
(in Gy):

Vaxg = Z ¥,y Go(ij) = Tr(¥Go), (24)
LJj

where Tr is the trace of a matrix. All of the quantities above can be divided by V» to get the corresponding
heritabilities.
To illustrate with an example, for a quadratic reaction norm with mean-centred environment as shown

in Figure 1, . = (1, ¢, £2) and thus we have (see Appendix C3)

Vada = Va+ (Vp+2Ca)E(e?) + VLE(e?),
Va = Vo+2C.E(e?) + V.E(e?)?, (25)
Vaxe = WV(e) +V.V(e?),

where Vg, Vj, and V; are the additive genetic variances in the parameters ay, b, and ¢, and C, is the additive
genetic covariance between the intercept a, and the second-order effect c,. Those expressions are reminiscent
of classical results from the theory of evolution of plasticity (e.g. de Jong 1990; Gavrilets & Scheiner 1993b),
especially regarding the crucial role of Cg, in the evolution of quadratic reaction norms, but here distinguish-
ing three important components of the additive genetic variance of reaction norms. In particular, we see
how the additive genetic variance arising from plasticity, Vaxg, can be simply expressed as the sum of the
products of the variances in the reaction norm gradients (here the environment and its squared value) and
the corresponding additive genetic variance in the parameters (here b, and ¢4 in Equation 12). This means
that, in the quadratic case, genetic variances in slope and curvature directly translate into variance arising
from plasticity, as they should. By contrast, V4 does not solely depend on the variance in the intercept V,, but
also on the quadratic coefficient, more specifically its covariance with the intercept.

The expressions for these variance components in the character-state approach are best described directly
from the G, matrix. The total additive genetic variance along the reaction norm, Vpqq, is the average of
the additive genetic variance in each environment, i.e. the average of the diagonal elements of the G,. The
environment-blind additive genetic variance of the trait, V,, is the average of all the elements of the G, matrix.
Finally, the variance Vaxg is the sum of the products of the (co)variances in the frequency of each environment
and the additive genetic (co)variances in G,. We illustrate in Appendix C4 the relationship between the
structure in the G, matrix and the additive genetic variances, but a simplified statement is that Vaxg > 0 as
soon as the correlation between environments are different from 1 and/or variances in the diagonal are not

all equal.
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To further decompose genetic variation in the reaction norms, we first note that here, the reaction norm
parameters are the focus of the decomposition, rather than shape characteristics like the slope or curvature
(with the exception of a quadratic reaction norm, the only case were they are formally linked). Because

Equation 21 is a sum of products, and since Gy is a constant, we can isolate each term of the resulting sum as:

— , = , (26)
i Vadd Yy Vadd

E. (v2,) Vo(6) %8, (Ve ;) Covy(01,0;)
— Vv . = Z vit Z vij = L.
i i<j

Here, y; provides the contribution of the ith parameter in the model to the total additive genetic variance
Vadd, while y;; provides the contribution of the covariation between parameters i and j to Vagq. As such,
this “y-decomposition” (where gamma refers to g for Genetics) measures the relative importance of genetic
variances and covariances of the parameters to the evolvability of the plastic trait. Large values of y; indicate
that genetic variation in the ith parameter translate into a large proportion of the genetic variation in the trait.
Also, large positive or negative values for y;; indicate that covariation between parameters i and j can have a
large impact in increasing or reducing genetic variation in the trait.

It is also possible to focus on the additive genetic variation arising from plasticity, Vaxg, which yields:

— A (‘//s,i) Vg(gi)

Vaxg

Li l,‘j (27)

2CoV, (Y1, Y, j) Covy(0;,05) Z

Vaxg - =

This “i-decomposition” (where iota refers to i for Interaction) highlights the fact that Vo is the sum of the
products of (co)variances in elements of the reaction norm gradient i, and the additive genetic (co)variances
in the parameters.

For a quadratic reaction norm as in Equation 12 with a mean-centred environment, this yields:
Va _ VeE(e?) _ VeE(e?)? _ 2CqcE(¢?) _ V(e _VeV()

Yo = s Ye = > Yac = > W= c =

= , (28)
Vadd Vadd Vadd

Ya

Vadd VAxE Vaxe

Note that since the environment has been mean-centred, we have V() = E(¢?) since E(¢)? = 0, and thus
Y» = ip, i.e. in the quadratic case, all of the genetic variation in the slope contributes to the genetic variance
arising from plasticity. Note also that genetic variance in reaction norm intercept a does not contribute to the
heritability from plasticity (i, = 0).

For the character-state approach, such decomposition would be less informative about the potential for
(and constraints on) reaction norm evolution. Instead, we can define an effective number of character states

(as proposed for general multivariate phenotypes by Kirkpatrick 2009) as

Ne = Z ;_i, (29)
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where 1, is the it eigenvalue of G, ranked by size (i.e., A1 is the largest eigenvalue). Strong genetic correlations
of phenotypes across environments lead to small n,, whereby reaction norm evolution is highly constrained
(with the limit of n, = 1 corresponding to the strongest constraint). Conversely, weak genetic correlations
across environments leave more degrees of freedom for reaction norms to evolve, causing a large n,, close
to the actual number of assayed environments. This n, metric does not capture all aspects of reaction norm
evolvability, and is best combined with the ratio Vaxg/Vaqdq of the proportion of total genetic variance due to
genetic variance in plasticity). Unfortunately, n, is estimated with a strong bias due to the overestimation of
the leading eigenvalue of G, (Lawley 1956), making it less useful in practice than in theory. We thus do not

develop this metric further.

Parameter estimation and variance partitioning in practice

Estimating the parameters

All the parameters mentioned in the previous section can be estimated through commonly used statistical
frameworks. For the character-state approach (Equation 2), a random-parameter model can be used, or al-
ternatively a “multi-trait” model (Rovelli et al. 2020; Mitchell & Houslay 2021). We will focus here on the
former, which is more easily implemented while seemingly scarcely used in the literature on plasticity. In
the random-parameter model, the environment is considered as a categorical variable, to which a random
effect is added using the genotype as the grouping factor. In the curve-parameter approach, the appropriate
models will be random-parameter models for a polynomial approach (as mentioned in Morrissey & Liefting
2016), or non-linear mixed models, fitting the reaction norm function f(¢, ) to the data. Genotype-specific
parameters, such as the intercept, slope, and any higher-order effects of a polynomial function, are treated as
random’

Since the parameters are estimated with noise, it is important to account for the impact of estimation
uncertainty when computing variance components. In particular, while variances directly obtained using
random effects (e.g. genetic variances) are expected to be unbiased, the variances arising from fixed effects
(e.g. variances related to Vpjas) should be corrected for biases due to uncertainty (as the adjusted R? does for
example). Details are provided in Appendix E.

To compute the total phenotypic variance required to get the estimates P2, I;[I%N and flﬁN we advise using
the sum of all estimated components rather the raw sample variance. The former is common practice in most
quantitative genetics inference to account for potential imbalance in the experimental or sampling design
(Wilson et al. 2010; de Villemereuil et al. 2018).

We provide an R package, named Reacnorm github.com/devillemereuil/Reacnorm, providing functions
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w0 implementing the variancce decomposition based on raw outputs of statistical models. A tutorial is shipped
w1 with the package, as an R vignette, showing how to implement such models using the Bayesian brms R pack-

w2 ages (Burkner 2017), along with Reacnorm.
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Figure 4: Distribution of the error (difference between the inferred and true value) for each the inferred variance
components for three scenarios: two discrete (Neny: number of environments, Ngen: number of different genotypes,
NRep: number of replicates per genotype) and one continuous (Neny: number of environment tested per genotype, Ngen:
number of different genotypes). The grey dots correspond to the average over the 1000 simulations. The character-state
approach was impossible for the continuous environment scenario. The yellow boxes on the right show the estimates
for f’%N (proportion of variance generated by the plasticity in the mean reaction norm), ﬁﬁN (total heritability of the
reaction norm), h2 (environment-blind heritability) and fl? (heritability from plasticity) for both the curve-parameter and
character-state approaches. For the curve-parameter, the z-decomposition of ﬁgN into g (contribution of the slope)
and mcy (contribution of the curvature); the y-decomposition of flﬁN into y, (genetic contribution of the intercept),
Y» (genetic contribution of the slope), y. (genetic contribution of the curvature) and y,. (genetic contribution of the
covariance between the intercept and the curvature) and the i-decomposition of h|2 into 1, (slope) and i, (curvature) are
also shown.

« Perfect modelling of quadratic curves

ws  We simulated phenotypic data conforming to a quadratic reaction norm, to evaluate the performance of the

ws proposed approach when the reaction norm truly is quadratic. We considered both a discrete and continu-
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ous environment. For the discrete environment, we considered Nge, = 20 or 5 different genotypes and an
environmental gradient of Ng,, = 10 or 4 values, equally spaced from -2 to 2. We sampled Nrep = Ngen
individual measures for each genotype within an environment. For the continuous environment, we drew
Ngny = 10 or 4 values from a normal distribution for each of the Ngen = 200 or 50 genotypes, without repeats
contrary to the discrete case. In both cases, a residual noise was applied around each measure with a residual
variance Vges = 0.25. In all cases, we defined a quadratic curve with average parameters = (1.5,0.5, —0.5)

for intercept, slope and curvature. We then drew Ng,, different genotype-specific vectors of curve-parameter

6 from a multivariate normal distribution with mean 6 and (genotypic) variance-covariance matrix

0.090 -0.024 -0.012
Go=[-0.024 0.160 0.008
-0.012 0.008  0.040

Figure 1 displays examples of curves resulting from these parameters. The simulation process was repeated
1000 times for each scenario, and for each simulated dataset, we ran estimations using the lme4 R package
(Bates et al. 2015) under the curve-parameter (for discrete and continuous environment) and character-state
(only for discrete environment) approaches, in order to check how these approaches compare in practice.
From the curve-parameter models, we computed Vplas (accounting for the uncertainty in fixed effects),

then PI%N We also computed the z-decomposition (7g] and 7cy, Equation 14), since the true reaction norm

2

AN’ h? and fllz as in Equation 9. We then applied the y-decomposition to flﬁN

is quadratic here, as well as h
(Equation 26): 7, (impact of the genetic variation of the intercept), y; (for the slope), y. (for of the curvature)
and J,. (for the covariance between the intercept and curvature). Similarly, we applied the :-decomposition
to h12 (Equation 27): 1, (for the slope) and i, (for the curvature). From the character-state model, we computed
only p2 , flﬁN h2 and fz?

The yellow boxes in Figure 4 display the theoretical expected values for the different parameters for three
scenarios of environmental variation (two discrete, one continuous; other scenarios are shown in Appendix F).
Using the first discrete scenario as a reference for now, most of the total phenotypic variance comes from the
average plasticity (PgN = 0.55). This, in turns, includes a large contribution from the curvature (7cy = 0.56) of
the average reaction norm, more than from its slope (r5) = 0.44). The total heritability of the reaction norm is
substantial (h122N = 0.3), but interestingly most of it is due to the heritability from plasticity (hI2 = 0.21), while
the environment-blind heritability of the trait is only #2 = 0.08. Contrary to the average shape, most of the
additive genetic variation comes from the slope, both when considering the total reaction norm (y;, = 0.52),
or plasticity alone (1, = 0.76). All scenarios share the same underlying parameters 6 and Gy, resulting in

very comparable values for our variance decomposition (i.e. PﬁN and the heritabilities) across the different
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environmental sampling scheme. By contrast, the environemental sampling scheme (especially discrete v.
continuous distribution) can substantially impact the expected values of the 7-, y- and i-decompositions. This
is especially true when switching from the discrete to the continous scenarios (e.g. 75 = 0.44 for the first
discrete scenario while srg; = 0.33 for the continuous scenario).

Switching to the error in the estimation of the parameters (left panels of Figure 4), we see first that both the

character-state and curve-parameter approaches allow for unbiased inference (Wilcoxon’s rank test, p > 0.05),

2

RN h? and ﬁlz) and some of their y and  components in the discrete

apart from a slight bias in the heritabilities (h
scenarios (< 5% relative bias, Wilcoxon’s rank test, p < 0.05), notably due to a slight overestimation of the
genetic variance of the intercept (visible in the top row of Figure 4). For the discrete case, the precision of
the estimates was not much influenced by the number of environments and depended more on the number
of genotypes (see Figure S1). For the continuous case, both the number of environments and genotypes
influenced the precision of estimates (see Figure S2). As a sanity check, we also verified that Vio; (not shown in
Figure 4) reflected the raw phenotypic variance with extreme precision (correlation > 99%) in the discrete case
and very good precision (correlation > 87%) in the continuous case. The difference between these two types
of scenarios is explained by how the stochasticity in environmental values differs among them. Importantly,
the results in Figure 4) also illustrate the exact equivalence, in the discrete case, between the curve-parameter
and character-state approaches, as the distributions of ﬁﬁN and fzﬁN were nearly identical (Figure 4, correlation
> 99%) between the two approaches. This means that our variance partitioning is not impacted by which
approach is chosen to study plasticity, as long as the curve-parameter approach captures the true reaction

norm shape. When this does not hold, the differences between estimates from these alternative approaches

can be exploited efficiently, as we describe below.

Imperfect modelling of a non-polynomial reaction norm

The true shapes of reaction norms are generally unknown and may be complex, such that any curve-parameter
model is likely to be mis-specified to some extent. In the case of a discrete environment, the character-state
approach is arguably more general, as it does not assume anything about the “true” shape of the reaction
norm (as pointed out previously by de Jong 1995). Nonetheless, having access to curve-parameters is often
very interesting and more actionable (even in cases where the linear and quadratic components cannot be
interpreted as the average slope and curvature), especially to predict evolution of phenotypic plasticity (see
also de Jong 1995). To get the best of both worlds, we rely on the ability of the character-state approach

to recover P2, using it as an “anchor”, to assess the performance of a given curve. Note that, under these

RN®
circumstances, it is not possible to obtain the most natural 7-decomposition in Equation 14, so we instead rely

on the ¢-decomposition in Equation 16 (here taken at the second order). Because of this, we need to assess
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Figure 5: Estimation of the variance of the reaction norm when the true shape (sigmoid on the left, Gompertz-Gaussian
performance curve on the right, red lines on top graphs) is unknown and approximated from a polynomial function. The
estimated reaction norms using a polynomial function (black line, top graphs) only account for a part of the reaction
norm shape, while the ANOVA estimation (pink dots, top graphs) fit the true shape more accurately. As a result, the
model is expected to explain only a part Mglas of phenotypic variance due to plasticity. On the bottom rows, the error
distribution are shown for Mglas, P,?Ias, @1 and @4 (grey dots are the average estimated values, black crosses are the
expected true values).

w7 how “bad” our simplification using an imperfect curve is. To do so, we compute the ratio of the variance
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modelled by the polynomial curve to the total variance due to phenotypic plasticity:

Vi

2 mod

MPlas =7 > (30)
VPlas

where both Vmod and Vplas are bias-corrected. It is important to note here that Mglas is just a convenient way
to quantify the amount of Vp,s explained by the chosen parametric curve, and should not be used to perform
model selection. Model selection is a complex matter and we refer the readers to published reviews on this
subject (e.g. Johnson & Omland 2004; Tredennick et al. 2021).

In order to demonstrate the soundness and usefulness of this approach, we simulated datasets following
relatively common curves that are not well-captured by a second order polynomial: a logistic sigmoid (here-
after sigmoid scenario), or a Gompertz-Gaussian thermal performance curve (hereafter TPC scenario, see
Figure 5). We assumed that the environment is sampled at either 10 or 4 values. For each of these conditions,
we simulated 1000 datasets, with 10 measures per environment (for the sake of simplicity, and given the focus
on ﬁI%N here, we did not include different genotypes in these simulations). We estimated the parameters of a
polynomial model, and computed the relative contributions of the first- and second-order parameters using
Equation 16. In addition, we computed the unbiased estimates of the variance explained by our polynomial
or character-state models to obtain Mglas.

Our results show that, as expected, the polynomial function is an imperfect proxy of our complex shapes
(Figure 5, Mglas = 0.89 for the sigmoid and Mf,las = 0.65 for the TPC), but using the character-state approach
allows retrieving the total plastic variance without bias. The approach described here is thus useful to compare
a given reaction norm model (e.g. a polynomial function) to an unknown true shape of the reaction norm,
in a case where environment is discretised. In more detail, the linear component was the most important
component to explain the phenotypic variation for the sigmoid scenario (p; = 0.89, same as the total model).
This was because the quadratic component was always estimated close to zero (< 1073), thus no variance
was explained by the quadratic component (¢ = 0). Of course, the sigmoid is not a straight line either, and
some remaining variance unexplained by the polynomial curve (1 — 0.89 = 0.11) could have been explained
by higher-order effects (e.g. cubic effect and higher). By contrast, for the TPC scenario, while the linear
component was an important factor (¢; = 0.47), the quadratic component also explained quite a lot of the
variance as well (p2 = 0.2). Again, higher-order effect, including at least a cubic effect, would have explained
more of the variance arising from the average shape of plasticity.

This example illustrates the usefulness of a combined curve-parameter and character-state approach to
study the shape of reaction norms of a discretely sampled environment. While the character-state approach
provides a widely applicable estimation of pI%N (if the environment is discretised), the curve-parameter ap-

proach provides interpretable information about (at least) first- and second-order parameters of the reaction
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norm (although they might depart more or less strongly from its average slope and curvature), which helps
describing where most phenotypic variance lies. Our ratio Mglas can then be used to evaluate how well a

chosen polynomial function models an actual reaction norm.

Estimation of non-linear models

Although we have focused so far on models that are linear in its parameters, the main strength of our approach
is its generality: it can be applied to any arbitrary functions (provided it is differentiable). This requires
numerically computing integrals for Vpy,s (for PﬁN), 781, ey and g, (for the heritabilities), but this can be solved
with efficient algorithms. We illustrate this by introducing genetic variation in the parameters of the sigmoid
and TPC reaction norms illustrated in Figure 5 (top panels). We used a non-zero, but small, residual variance
(Vg = 0.0001) to avoid numerical issues typical when running thousands of non-linear models. We focused
on a continuous environment, and estimated the actual functions used to generate the datasets, using the non-
linear modelling function of nlme package (Pinheiro et al. 2009). We used the cubature package (Narasimhan
et al. 2023), as in the QGglmm package (de Villemereuil et al. 2016), to compute parameters linked to the
variance decomposition, and, further, the z-, y- and i-decomposition. We simulated 1000 datasets for each
scenario, consisting of 200 genotypes measured each in 10 different environments, randomly sampled from a
normal distribution.

We retrieved our simulated parameters without bias using the nlme function, except for a slight bias
(Wilcoxon’s rank test, p < 0.05) in the variance of r (latent slope) in the sigmoid model and in C (height
of the peak) in the TPC model. This translated into significant (Wilcoxon’s rank test, p < 0.05), but very
limited bias (relative bias < 5%) in our derived parameters (Figure 6, bottom panels). Moreover, the sum of
variance components (Vro;) successfully reflects the total phenotypic variance, with a correlation between the
two quantities > 91%.

First focusing on the average shape of the reaction norm (Figure 6, top panel), one unfortunate aspect of
running a non-linear model is that our bias correction described in Appendix E can no longer be applied. How-
ever, this bias is generally small provided the standard error is small for most parameters, and the resulting
bias in 13§N is extremely small, and even non-significant for the sigmoid model. This could of course be partly
explained by a favourable context here, especially since the residual variance is relatively small. An important
distinction here is the difference between the curve defined by the average parameters f (e, 8) (Figure 6, top
panel, black curve) and the one defined by the local average phenotype E . (2) (Figure 6, top panel, red curve),
recalling that ﬁﬁN is linked to the latter. While the two are very close for the sigmoid case, they differ quite
visibly for the TPC one, due to a more pronounced non-linearity in the parameters in the latter. The average

slope contributed the most to the overall plastic variance of the mean reaction norm for the sigmoid shape
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Figure 6: Scenarios and results of non-linear modelling of phenotypic plasticity in a continuous environment. On
the left: results corresponding to a sigmoid curve scenario; on the right: results corresponding to a TPC scenario.
First row: example of the individual curves (each curve corresponds to one individual) simulated in each scenario;
yellow box: true parameters for the model and average shape; black curve : f(e, 0); red curve : Eg.(2). Second row:
distribution of the estimations of Vi . (brown) and Vu . (purple), along the environment; solid line: average value across
simulations; pale ribbon: 95% Cl across simulations; yellow box: true values for the genetic variance partition. Third row:
y-decomposition of V. along the environment, for each parameter and their covariation. Fourth row: distribution of
the error for each component of our variance partition (“Variances”) or for the 7- and y-decomposition (“Components”),
red dot is the average of estimates over all simulations. 24
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(751 = 0.88), with no impact of average curvature (7cy = 0), close to the ¢-decomposition in Figure 5. For the
TPC scenario, the contribution of the average slope (rs; = 0.31) and curvature (¢, = 0.35) are similar. In this
case, the values are very different from the ¢-decomposition in Figure 5 (although note that the distribution
of the environment is different between these two scenarios). It might appear as counter-intuitive that the
slope contributes so much to variance, since the curve increases from 0 and then decreases toward 0, but this
is linked to the fact that the environment is normally distributed, so most values are near ¢ = 0, an area where
the slope of the curve is close to being maximised.

Although the variation between genotypes in the top panel of Figure 6 seems quite large, the contribution
from the average plasticity PﬁN is 1.7 to 3.4 times higher than the one of the genetic variance ﬁgN (Figure 6,
yellow box in first- and second-row panels). This occurs because the genetic variance is actually very low in
most environments (Figure 6, brown and purple lines of the second-row panels), and scarcely as high as Vpy,s.
As mentioned above, non-linearity in the parameters is less strong for the sigmoid case than for the TPC case,
resulting in almost exactly equal values for I:I§N and flgN for the former, while they are slightly different for
the latter. In both cases, the small difference between ﬁﬁN and f’}%N can be explained by the disproportionate
importance in the y-decomposition of parameters that are actually linearly related to the trait (y; = 0.98 for
the sigmoid and yc = 0.81 for the TPC scenarios). In terms of heritability from plasticity, it is substantial in
both cases (h12 = 0.081 for the sigmoid and h12 = 0.133 for the TPC scenario), as can be expected from the
non-parallel reaction norms (Figure 6). However, it remains smaller than the environment-blind heritability
of the trait in both cases (h? = 0.143 for the sigmoid and h? = 0.216 for the TPC scenarios). Interestingly, for
the TPC scenario, and contrary to what happens with the y-decomposition, a majority of the additive genetic
variance arising from plasticity comes from the variation in the location of the optimum (1., = 0.525). This is
because variation in the location of the optimum shifts the reaction norm along the environment axis (i.e. on
the “x-axis”), meaning that even a small shift can generate considerable variation that is non-parallel along
the phenotype axis (i.e. along the “y-axis”).

An interesting aspect of our framework is that we can explore the variation of Vgen,, Va, and the y-
decomposition of V4 . along the environmental gradient, which can be very informative from an evolutionary
perspective. In the case of the sigmoid curve (Figure 6, second and third rows, left panels), the analysis is
relatively simple : as the value of the environment increases, the parameter L is multiplied by an increased
value (going from 0 to 1 due to the sigmoid function) and thus its genetic variance plays a stronger role. This
translates into Vgen . and Va . increasing with the environment, and y;, accounting for almost all of the genetic
variance after the sigmoid inflexion point in 0. The TPC scenario is even more interesting. First, we can see
that both Vgen and Vi . (Figure 6, second row, right panels) are close to zero in the extreme environments

and maximised in a region between the optimum and critical maximal temperature, where the reaction norm

25



564

565

566

567

568

569

570

571

572

573

574

575

576

577

578

579

580

581

582

583

584

585

586

587

588

589

590

591

592

593

594

suddenly drops after the optimum. This maximum also corresponds to the region where Vgen . and V. are
the most different (and where the red and black departs the most in Figure 6, top row, right panel). Regarding
the y-decomposition (Figure 6, third row, right panels), the influence of the location of the optimum (y,,) is
maximised at extreme environments, while the influence of the maximum value at the peak (yc) is exactly
maximised at the average location of the peak. The influence of the covaration between both (yc,,) is negative
before the peak and positive after.

As these simulations illustrate, our framework allows very finely describing the characteristics of reaction
norms, such as how its average shape (slope/curvature) and genetic variation in the parameters influence the
phenotypic variance in the trait, while discriminating between total genetic variation of the trait and genetic

variation exclusively linked with plasticity itself.

Discussion

The variance decomposition in Equation 7 is very general, and applicable to any approach used to estimate
a reaction norm. In particular, it applies equally well to both the character-state and curve-parameter ap-
proaches. Each component and its variance-standardisation provide a different information on the reaction
norms: PI%N quantifies the proportion of phenotypic variance due to the average plastic response across geno-
types, while HI%N or h122N quantify the contributions from (broad or additive) genetic variance in the reaction
norms. Further, these genetic components can be separated into the environment-blind heritability of the
trait (h%) based on the average breeding values across environments, and the heritability from plasticity (hIQ)
which is solely based on the gene-by-environment interactions at the level of breeding values. Finally, the
sum TRQN = Pf{N + HI%N quantifies how well we can predict the individual phenotypes based on their genotypes
and environments (i.e. genetically variable reaction norms). Those components are efficient summary statis-
tics yielding important information regarding the evolutionary potential of both the trait and its plasticity.
Importantly, they are very generally applicable, with a strict equivalence between e.g. a character-state or
a curve-parameter approach. However, they do not provide information regarding the actual shape of the
reaction norms. To that end, we further decomposed some of these components in terms of characteristics of
the shape or parameters of reaction norms.

The most difficult problem is to decompose the average plastic variance PI%N into terms arising either from
the linear trend (7g)) or from the curvature (n¢y) of the reaction norm, which we called 7-decomposition.
Unfortunately, our estimates for ) and 7cy are only valid if the environment is normally distributed, or the

true reaction norm is quadratic. In other cases, mean slope and curvature loose their simple interpretation,

preventing a meaningful 7-decomposition. Nonetheless, for polynomial reaction norms of higher order, we
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described an alternative decomposition, based on the polynomial coefficients rather than actual slope and
curvature, which we called ¢-decomposition. While not as interpretable as the z-decomposition, this decom-
position can serve as a way to compare polynomial shapes across contexts. Based on the equivalence between
the curve-parameter and character-state, we introduced Mglas as a way to quantify the ability of a polynomial
model to recover Vpj,s compared to an “agnostic” model such as the character-state. Our proposed framework
is summarised in Figure 3.

Decomposing th and h? is comparatively easier, because the model assumed in Equation 3 and Equation 4
ensures that we can always translate additive genetic variance in the parameters 6 into additive genetic vari-
ance in the trait z, even if the function f is not linear in its parameters. Decomposition of the total heritability
of the reaction norm hﬁN into the impact of the parameters 6 leads to the y-decomposition. It quantifies the
relative importance of genetic variance in different reaction norm parameters to the evolvability of the trait.
For instance if a given selection episode concerns individuals that all experienced the same plasticity-inducing
environment (i.e. when spatial environmental variation is negligible relative to temporal variation), using the

multivariate breeder’s equation (Lande 1979), the relative contribution of genetic variation in parameter ; to

the response to selection for the trait z is

z 1
A_z—)’i+§ZYij: (31)

where the y; and y;; are defined in Equation 26. In other words, the contributions of responses to selection
by different reaction norm parameters to overall response to selection by the plastic trait z is directly pro-
portional to their contribution to its genetic variance. Importantly, these contributions will depend on the
reaction norm gradient ¢, defined in Equation 19, and thus on the environment, as illustrated in Equation 26.
In fact, the environment-specific additive genetic variance Vj . is a critical piece of information regarding
evolutionary potential, and we can apply the y-decomposition within each environment as well. For example,
in the TPC scenario investigated above (Figure 6, right panels), the contribution of the peak height parameter
C is maximised at the average location of the optimum, where it accounts for 100% of the additive genetic
variance. On the contrary, the influence of additive genetic variation in the location of the optimum ¢j is more
important in extreme environments. The complex interaction between the role of C and ¢y generates a peak
for V. in the area between the peak and critical maximal value for the environment (where the performance
curve reaches zero). In the context of predicting eco-evolutionary response to warming, this would mean
that a slight temperature rise above the optimum would provide a very short window of higher evolvability,
but followed by a sharp decrease thereof if warming persists. Beyond these simple scenarios, how selection
acts on reaction norms and plasticity depends on how the environment varies in space and/or time (Scheiner

1993b; de Jong 1999; Tufto 2015; King & Hadfield 2019), and how the reaction norm gradient ¢, and direction
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selection on the expressed trait z covary across environments. However, an in-depth exploration of how to
estimate these selection responses is beyond the scope of the present work.

While the y-decomposition is key to understanding and predicting evolution of the trait, it is based on

2

the total heritability of the reaction norm hy,

which combines additive genetic variation in the trait and its
plasticity. To study plasticity in isolation from the environment-blind additive genetic variance in the trait,
we decomposed h12 in a similar fashion as hI%N, which we called the i-decomposition. The components of the
1-decomposition measure the contribution of each parameter to the evolutionary potential of plasticity, i.e. to
the evolvability of reaction norm shape. In our thermal performance case (TPC) example, the 1 associated to C
and &g were close to 0.5, meaning that evolution can roughly equally impact the peak height C or the location
of the optimum ¢, should selection on the shape of reaction norms occur.

The detailed decomposition that we propose open the door to better comparatibility across studies, which
can be a challenge in meta-analyses of plasticity. Murren et al. (2014) performed such a meta-analysis, com-
paring genetic variation in different parameters of reaction norm shape across published datasets. However
they (i) computed these parameters using only extreme environmental values, instead of the whole range of
environments; (ii) did not account for uneven spacing between environments where relevant; (iii) did not
account for uncertainty in estimations of reaction norms (as previously highlighted by Morrissey & Liefting
2016); and (iv) assumed the modeled reaction norm shape is true. More details about the analyses in that study
are provided in Appendix G. Our approach overcomes all these issues (some of which had been dealt with
already by Morrissey & Liefting 2016; Pélabon et al. 2020). Unfortunately the dataset compiled by Murren
et al. (2014) does not provide information on uncertainty of phenotypic estimates (related to Vges), precluding
proper meta-analysis of reaction norm shape variation.

Importantly, our variance partitioning can be implemented through commonly used statistical models,
notably (non-)linear mixed models. We showed that even complex non-linear modelling can perform well,
only at the cost of using dedicated libraries to compute integrals numerically. This means that biologists
can readily seize all the modelling tools introduced here. In particular, although a character-state approach
can be performed using a simple random-intercept model, studies of genetic variance in plasticity seem to
rather use a multi-trait model, which offers more control, but is more difficult to implement (but see Stir-
ling & Roff 2000). In order to make the variance partitioning introduced here more accessible, we have
implemented the computation of all the decomposition mentioned here as an R package named Reacnorm
github.com/devillemereuil/Reacnorm, including cases where more than the genetic effect is assumed affect-
ing variation in 8. The package also provides a tutorial as a vignette, showing how to implement the models
in the Bayesian package brms and use functions from Reacnorm to study the properties of reaction norms. We

hope that this will further stimulate interest in investigating variation and evolutionary potential of reaction
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Appendix

A A unified formalism for the curve-parameters and

character-state approaches

Despite having different mechanics, the curve-parameter and character-state approaches can be shown to
be mathematically equivalent de Jong (1995). We can use this to express both approaches under the same,
unified formalism. More precisely, we can express the character-state approach as being a special case of the
curve-parameters approach. Under a curve-parameters approach, the reaction norm is seen as a function f

of the environment ¢ and a vector of parameters 6y:
z=f(e 0y). (S1)
The 6,’s covary across genotypes with a variance-covariance matrix Gg:
0, ~ N (6, Go). (S2)

By contrast, in a character-state approach, the reaction norm values of different genotypes across environ-

ments are directly provided by sampling from a multivariate normal distribution:
BN (1 G). (3)

One way to express the character-state using the same formalism as the curve-parameter is to recognise that

Equation S3 can be written as

5 T
z #g Ug,

N(”a Gz),

(S4)

i

Hg
where uy, is the unit vector with 1 at the kth value (corresponding to environment ¢;) and 0 elsewhere. Thus,
the character-state model can be expressed using the formalism of Equation S1 and Equation S2, where p, in
Equation S4 plays the role of 8,, and thus G plays the role of Gg. In this case, the function f is a function
taking the level k of the environment and the parameters p, of the genotype g as input, and yielding the
evaluated reaction norm z as the output. Evidently, this function f is not continuous and not differentiable
along the (categorical) environment. However, it is a continuous, differentiable and even linear function
along the (continuous) parameters p . As such, all properties mentioned in the main text and the Appendices

pertaining to reaction norms that are “linear in its parameters” also apply to the character-state approach.
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B Computation of the additive genetic variance holding

environment constant

B1 Preliminary results

Multiple regression slopes expressed using a variance-covariance matrix Let us assume a multiple

regression between a random variable y and a set of random variables x = (x1, ..., x,)” such that:
_ T
y=p+x P+e, (S5)

where p is the intercept and e is the residual of the model. Note that in practical regression, the realised
sampling of x will be contained in the design matrix of the model. If it exists and is unique, the solution for
the vector of multiple regression slopes B can be formulated in terms variance-covariance matrices (see e.g.
p-179, Lynch & Walsh 1998):

B=V() cov(x y), (S6)

where V (x) is the variance-covariance matrix of x,, V(x) ! is its inverse matrix and cov(x, y) is the column-

vector of covariances between the x; and y.

Multivariate version of Stein’s lemma  Let us assume that x = (x1,...,%p,) andy = (y1, ..., yp,) follow
multivariate normal distributions, and that g is a differentiable, R°* — R function such that E (Vg), where
Vg is the gradient of g (the vector of partial derivatives), is a vector with finite values, then it can be shown

(Landsman & Neslehova 2008; Landsman et al. 2013) that:

cov (g(x), y) = cov(x, y)E (7g) . (s7)

Note that covariance matrices of vectors (also known as cross-covariance matrices) are not commutative, but

are such that cov(x,y) = cov(y,x)”. In the case where py =1, then y = y follows a normal distribution and:

cov (9(x),y) = cov(y,x)E (Vg) . (S8)

Note that cov(y, x) is a row-vector and cov(x,y) is a column-vector by convention.
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B2 Breeding values in a given environment

Genetics of reaction norms As mentioned in the main text, a general formalism (including the character-

state as a special case) for the reaction norm Z is given by Equation 3 in the main text, i.e.

2= f(c,0,). (S9)

The phenotype predicted by the reaction norm 2 thus depends on the environmental value ¢, and the reac-
tion norm parameters 6, specific to the genotype g. When holding the environment ¢ constant, the genetic

variance is simply the variance of reaction norms across genotypes:

Vale = Vyie (f (& 6y)) (S10)

If the reaction norms are estimated in such a way that non-additive genetic variance can be separated out from
additive genetic variance (e.g. if “genotype” refers to individuals) or are known to be negligible on the one
hand; and if the reaction norm is linear in its parameters (i.e. f is a linear function of 6y, as for a polynomial
function) on the other hand, then the additive genetic variance conditional on the environment is readily
given by Equation S10, i.e. V5|, = V.. In the case where f is not linear in its parameters, it is necessary to
rely on the theory in non-linear quantitative genetics (Morrissey 2015; de Villemereuil et al. 2016), as we do

below.

Linear relationship between breeding values The relationship between the breeding value of the trait
A, and the breeding values of the reaction norm parameters 6, is the key towards developing a framework
that works for any reaction norm, linear in its parameters or not. Let us note Ay the vector of breeding values
of all the parameters in 6. We will follow the same demonstration as in de Villemereuil et al. (2016), which
starts from the point that, by definition, breeding values are all linked through linear relationships (see also
Robertson 1966), since they are all linearly linked to the genotype (Lynch & Walsh 1998). More precisely, the
breeding value A, of the phenotypic trait z of an individual linearly depends on a linear combination of its

breeding values for the reaction norm parameters Ay, so that:
A, =ﬂy{+ﬂ£lp (811)
where 1, is a constant chosen such that E(A;) = 0, g is a vector of slopes that we will shortly describe as the

reaction norm gradient.
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Derivation of ¢ To derive an expression of ¢, we can apply the results in Equation S6 to Equation S11,
yielding
¥ = Gylcov(Ag, 2). (S12)

This assumes that cov(Ay, A;) = cov(Ay, 2), i.e. that there is no covariance between the environmental
values of the phenotype as predicted by the reaction norm and the breeding values of the parameters. This
results also assumes that Gy is inversible. However, such assumption is already necessary to most statistical
algorithms available to infer Gy in practice, so that this assumption is not limiting here. Noting that z = f (¢, 9),

we can apply the multivariate version of Stein’s lemma (Equation S7):
P = G;lcov(ﬂg, 0,)E(Vyf) = G;ngE(ng) =E(Vof), (513)

where we have used the fact that the covariance of breeding values of reaction norm parameters with their
breeding values is their additive genetic covariance matrix Gg. Again, note that this assumes that f is partially
differentiable with respect to all elements of 6,. Given that this demonstration was applied when holding the
environment constant, the values in ¢ generally depend on the environment ¢, so below and in the main text,

we use the notation ..

Values of ¢, in specific contexts When the reaction norm is linear in its parameters, the values in g, are
(trivially) the linear coefficients of such relation. For a quadratic reaction norm, where z = (.?_l+ag) +(b+ by)e+
(c+ 09)82, such linear coefficients are respectively 1, ¢ and 2 for ag, by and c,. It results that g, = (1, ¢, )T
as mentioned in the main text. More generally, if f is a polynomial of order N, then ¢, = (1,¢,..., eNT. In
the context of a character-state, it can be seen from Equation S4 that the gradient ¢, in the parameters will be

equal to ug, i.e. a vector of 1 for the kth value (corresponding to the environment chosen to be hold constant)

and 0 elsewhere.

B3 Additive genetic variance

By definition, the additive genetic variance of the trait conditional on the environment V|, is the variance of
the breeding values defined in Equation S11. We can thus express it from the breeding values of the reaction

norm parameters (right hand side of Equation S11) as

VAle = g|£(ﬂg¢£) = q)gTGQ‘/}e (S14)

This formula holds whether the reaction norm is linear on its parameters or not, and also holds for the

character-state approach (although in this case, this formula merely selects the kth element of the diagonal
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of G,).

C Derivation of the general decomposition of variance

C1 Distinguishing between Vp,5, VGen and Vaqq

The phenotype predicted by the reaction norm z depends on the environment, and the reaction norm param-
eters 0, specific to the genotype g. The impacts of environment and genotype are intricately related via the
reaction norm shape, but in a given environment, one can still isolate the average impact of the environment
from variation among genotypes by computing the average value of the reaction norm across genotypes con-
ditional on the environment, i.e. Eg|.(2). The variance of E;|.(Z), taken across environments, is the component
Vplas = V(Eg|¢(2)) in the main text, i.e. the phenotypic variance arising from plasticity after averaging across

genotypes. The genotypic value G, of genotype g within the environment ¢ is then given by
G. =2-Ey(2). (S15)

Note that, although we removed the average effect of the environment, the genotypic value G, still depends on
both the genotype g and the environement ¢, because genotypes can vary in their response to the environment.
The total genetic variance in the reaction norm is thus Ve, = V(G;). It is possible to get to the breeding values
of the trait in each environment A, following the process described in Appendix B, i.e. A, = p, + .?Iglpg. The

total additive genetic variance in the reaction norm is then
Vadd = V(A;) = E (Ve (AL)) +V (Egle(A2)) = E(@] Goye), (S16)

using the law to total variance and noting that E;|.(A;) = 0 by construction. In Figure 1 in the main text,
the average E,|.(2) corresponds to the red line in the left panel of Figure Figure 1 in the main text, while A,

corresponds to the purple lines in the middle panel.

C2 Distinguishing between Vagq, VAo and Vaxg

We can separate the total additive genetic variance of the reaction norm, Va4q, into two components: the
environment-blind additive genetic variance of the trait V, and the additive genetic variance arising from
plasticity Vaxg. The first component is given by considering, for a given genotype, its average breeding value
across environment:

A =Epy(A). (517)
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This average corresponds to the breeding value that would be predicted for the same genotype present in all
environments (or moving across them, being measured several times), ignoring the impact of the environment.
In other words, this average is the predicted breeding value after the impact of the environment has been
marginalised. Graphically, it depicts the average shift in the y-axis of the reaction norm, as can be seen in the

middle panel of Figure 1 in the main text. The environment-blind additive genetic variance of the trait is
Va = V(A) =E(ge) GoE(ye) (S18)

Va is here defined as a variance, but there are negative elements in E(g,) and Gy, so in theory, their product
could happen to be a negative scalar. This is not so here, because Gy being a variance-covariance matrix, it
must be positive semi-definite. By definition of positive semi-definiteness, the product E(g,)” GoE(yp,) will
be positive (or null) for any real vector E(g,).

The remaining additive genetic variation after accounting for the marginal breeding value is linked to the
impact of genetic variation arising from plasticity, i.e. genotype-by-environment interactions. We can define
the part of the breeding values strictly linked to that genotype-by-environment interaction by mean-centring
the breeding values, for each genotype:

A=A, - A. (S19)

The right panel of Figure 1 depicts these interaction breeding values. The additive genetic variance linked to

genotype-by-environment, and thus to variation arising from plasticity, is:
Vaxe = V(A = V(Az) + V(A) = 2c0v(Az, A) = V(Az) = V(A) = Vaga = Va, (S20)

noting that, by construction, cov(A,, A) = cov(A, A) = V(A). By substituting Vaqq and Vi with their

values in Equation S16 and Equation S18, we obtain

Vaxe = E(¢] Goy.) — E(p.) ' GE(y,) = tr(¥Gy) = Z ¥1xGo(ik)s (S21)
I

where W is the variance-covariance matrix of the reaction norm gradient g, across the environment. In other
words, Vaxg is the sum of the products, for all pairs of parameters, of the (co)variance in the reaction norm
gradient and the additive genetic (co)variance. The y- and i-decomposition directly comes from dividing each
elements of the sums in Equation S16 and Equation S21 respectively by Vaqq and Vaxg, so that the total sums

to 1.
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C3 Variance decomposition for a polynomial model

In this section, we will assume a polynomial reaction norm:
N —
2= (On+0ng)e" (S22)
n=0

where 0, = 60, + Ong is the nth order coefficient of the polynomial. In this form, it is easy to remark that
polynomial reaction norms are linear in their parameters, i.e. there is a linear relationship between the 6,,’s

and z, so that G, = A,. It results that:

N N N
G.=A, =2-Fy(2) = Z(én +Ong)e" — Z 0,6" = Z Onge”. (S23)
n=0 n=0 n=0

Taking the derivative of this expression with respect to each of 0,4 in a given environment ¢ would yield a
reaction norm gradient equal to the value of each exponent of ¢, i.e. . = (1,¢,...,eN)T. The total (additive)

genetic variance is thus:

Voen = Vaaa = B(@} Goe) = D VaE(e*") +2 ) CumE(e™™), (S24)

n<m

where V,, is the additive genetic variance for 8,4 and Cy, is the additive genetic covariance between 6, ; and
Ong- For the quadratic case, if ¢ has been mean-centred and is symmetrical, we have E(¢) = E(¢?) = 0 and the
expression reduces to

Vien = Vadd = Vo + (V1 + Co3)E(€?) + V3E(eh). (525)

For a given genotype, its average breeding value across environments is

N N
A =E,y(A,) =Eq (Z en,gg") = Z O E(e") (S26)
n=0

n=0

The environment-blind (additive) genetic variance of the trait is

Vo = Va = E(¢e) GoE(ge) = ) VaE(e")? +2 D" CumE(e")E(e™) (527)

For the quadratic case with mean-centred and symmetrical ¢, this yields:

Va = Vg + 2C02E(?) + VoE(2)? (S28)
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Finally, the additive genetic variance arising from plasticity itself is

Vaxe = Vadga = Va = ) VaB(e™) +2 ) ComB(e™™) = > VaE(e")? +2 > ComB(eME(E™).  (S29)

n n<m n n<m

By recognising that V(¢") = E(&2") —E(&")? and cov (e, €™) = E(¢™™) —E(")E(¢™), we can further simplify
this expression as:

VaxE = Z V,V(e") +2 Z Cpmcov(e™, e™). (S30)
n 1k

For the quadratic case, for a mean-centred and symmetrical ¢, all the covariances between the different expo-
nents of ¢ are 0, yielding

Vaxe = ViV(e) + KV (£?). (S31)

C4 Variance decomposition for the character-state approach

As mentioned in Appendix A, the character-state can be written using a function f such that in environment

¢x and for genotype g, we have

2= f(pg ex) = pguy. (832)

In a given environment ¢, the unit vector uy is equal to 1 at the kth index and 0 elsewhere. The reaction
norm gradient is equal to this unit vector, i.e. ¢, = uy. In the first environment, for example, we have
@e, =uy = (1,0,...)T. As mentioned in Appendix A, the character-state approach is linear in its parameters.

We can thus compute the genotypic/breeding values in a given environment ¢ as
G.=A, =z~ Eg|£(2) = ”;uk - ”Tuk = Hgk — Hj> (533)

where i, and p; are the kth values of the vectors p, and p. The total (additive) genetic variance is the

variance of the breeding values across environments:
VGen = Vadd = V(ﬂz) = V(/'lg,k)' (834)

Since the variance-covariance matrix of p, is the G, matrix, the variance of all elements y,x taken together
is the average of the diagonal elements of G, which we will note V. Assuming that all environments are
equiprobable for the sake of simplicity (releasing this assumption merely requires to use weighted average),

we have

K
1
Vaaa = = ) Ve (S35)
k=1
In other words, Vaqq is the average of the diagonal elements of the G, matrix.
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The environment-blind (additive) genetic variance of the trait depends on the average of the breeding

values across environment for a given genotype:

_ 1
A== ; A (S36)

where A\ is the breeding value evaluated at the kth environment for a given genotype, still assuming

equiprobable environments. It results that the environment-blind (additive) genetic variance of the trait is

Z Vi +2 Z Ckl) ; (S37)
k

1
VG = VA = —2
LS k<l

where Cy; is the genetic covariance between the environment k and [. In other words, V, is the average of all
the elements of the G, matrix.

Finally, the (additive) genetic variance arising from plasticity can be computed as the difference between
Vadq and Va:

1
Voxe = Vaxe = Vadd — Va = 2 (K-1) zk: Vi =2 Z; Ckl) (538)

A few particular cases are important to note here. The first case is when all environments harbour the
same additive genetic variance, say V, and are all perfectly correlated with one another. This is a situation
generally describe as a total absence of genetic variation in plasticity. In our framework, this situation would
indeed result in Vagq = Va = V and, indeed, no genetic variation arising from plasticity with Vaxg = 0. Note
that uneven additive genetic variances across environments, even if genetic correlation are kept perfect across
environments, would result in slightly positive genetic variance arising from plasticity with Vaxg > 0. This
is because, in such context, the trait can still evolve faster in some environments compared to other, hence
plasticity can evolve. The second extreme case, is when the environment-blind additive genetic variance of
the trait is null, i.e. Vo = 0, while all the additive genetic variance in reaction norm is composed of the additive
genetic variance arising from plasticity, i.e. Vaqq = Vaxg. This happens when the sum of covariances (the total
of which must be negative) exactly compensates the sum of diagonal variances in the G, meaning that neg-
ative genetic correlation between environments are maximised. In this case, its is impossible for directional
selection to act on average value of the trait across all environments, but the evolvability of plasticity is max-
imal. A third, interesting case is when there is absolutely no genetic correlation between environments, i.e.
the off-diagonal elements of G, are all equal to 0. In such case, it is important to note that, because evolution

can freely operate across environments, then both V = % >k Vi and Vaxg = KK—_QI >k Vi are non-zero.
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C5 Decomposition of variance for individual-based reaction norms

In Equation 4, we assumed that the only source of variation in 0 is of genetic origin. This is a classical
assumption both in the empirical and theoretical literature (de Jong 1990; Gavrilets & Scheiner 1993a; Via &
Lande 1985), but in many cases, it can be useful or needed to include further sources of variation in . This is
for example the case when studying reaction norms using repeated measurements of the same individual in
different environments. In particular, this may require including a further “permanent environment” effect
to account for multiple repeats (Wilson et al. 2010) on the same individual, and also allows for the modelling
of the reaction norm at the individual level (individual plasticity, Nussey et al. 2007). When other random

effects are assumed in the model, we can write the full variation of @ as:
6 ~ N(6,Vy), (839)

where Vy is the total variance-covariance matrix of 6. Note that Equation 4 is still valid to model the genetic

component of 8 which we named 6,. In such case, the heritability of the kth component of 6 can be com-

Go.kk

V... Because the
0,k.k

puted as the ratio of the kth diagonal element of Gy to the kth element of Vy, i.e. hg,k =
modelling of 6, remains unchanged, all our computations of (additive) genetic variances and their decompo-
sition remains completely identical. However, there are two important changes. The first change is that the
definition of Vpj,s does not only depend on averaging over g any more, but on other sources of variations in 6
as well, i.e. Vplps =V (E9| 5(2)). This means that the marginalisation step conditional to the environment now
implies the full Vg rather only its subcomponent Gg. The second change is that it is not possible to write the
total variance of the reaction norm as the sum of Vp1,5 and Vien anymore, because the latter is only a partial
reflection of the full variation in 0. Instead, we need to introduce the phenotypic variation in the trait arising

from the full sources of variation in 0, which we denote here Vp,ram:
Vparam = V (2 - EGls(ﬁ)) =E (Vela(i)) . (840)

Then, we can write the correct formulae for Vp and TRQN

VPlas + VParam

2
W= VPlas + VParam + VRes, TRN = VP

(S41)

The Reacnorm package was designed to be able to input Vy to compute those quantities if needed.
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D Derivation of 7- and @-partition of Vp|,

D1 The 7-decomposition

We have seen in Appendix C how to compute the variance arising from the average shape of reaction norm
Vplas- In order to go further, we now separate this into a component linked to the average slope of the reaction
norm and another linked to the average curvature. For this, we need one or two of the following assumptions
to hold true: (i) the environment ¢ follows a normal distribution; or (ii) the function f is quadratic. In such
context, we can isolate the contribution of the slope, Vg, from the contribution of the curvature, Vi, to Vpias,
based on the best quadratic approximation of Ey.(Z) (akin to the reasoning in Lande & Arnold 1983, for

estimates of selection gradients), as:

2
V(e?). (S42)

(2)

1 d2Eg|€
4

By, 2v V. E
dé‘ (Z) (€)> Cv — 7 dEQ

VSl:E(

As an illustration of why the assumptions above are needed, if ¢ follows a uniform distribution between -2
and 2; and the average shape of plasticity is the following cubic function, f(e) = 2¢ — 0.5¢2 — &3, then the
average slope is -2, while the slope from the best quadratic approximation of Ey;(Z2) is -0.4. In such cases,
the decomposition in Equation S42 is not valid anymore, due to (i) the impossibility to apply Stein’s lemma
to a non-normal distribution and (ii) strong covariation between the slope and curvature. This means that
whenever the environment is non-normal and the reaction norm is non-quadratic, the 7-decomposition can
bear little meaning (in the cubic example above, V5 would be 5.4, while Vpj,s = 2.0, so that 51 would be largely

above 1). A truly quadratic reaction norm is the only case where 7g + ¢y = 1.

D2 The ¢-decomposition

In such cases where the environment is non-normal and the reaction norm is non-quadratic, it is always

possible to approximate the true shape of the reaction norm using a polynomial function:

N
2= (On+Ong)e” (543)
n=0

In the context of decomposing Vpias, such polynomial approximation provides a possibility to isolate the (co-

)contribution of the (pairs of) coefficients in Ey|(2) = Zfl\fzo O™

Volas = V(B (2)) = Z 02V (") +2 Z 0,0mcov(e™, e™) (S44)

n<m
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From this, we suggest the alternative ¢-decomposition of Vpy,s, with ¢, = o 20nOmeov(en.e®) |

and (pnm = Vplas

It is important to note that this decomposition is based on the coefficients of the polynomial function and, thus,
it is unfortunately impossible to simply interpret the ¢, in terms of slope (for ¢1), curvature (for ¢3), and so

on. The only exception is when the reaction norm shape is quadratic, in which case 7g; = ¢1 and 7cy = @o.

E Correcting for uncertainty in the estimation of fixed

effects

Character-state approach It is easier to start with the character-state approach based on the ANOVA

model. We want to compute Vpos as the variance of the group-level effects p:

Voras = V(1) (S45)

However, we do not have access to the real-world values for y, but only to the estimated /i from the model.
Such estimates, if unbiased, have an expected value of yi in environment k and a standard-error (i.e. the
estimation of the sampling standard deviation) si. In other words, we can state that fij is equal to yx up to an

additive error:

Hik = Hie + Jlk (S46)

where i is of mean 0 and variance s]%. Considering each virtual repeat r of the experiment, we can apply the

law of total variance:

V(ﬁ) = Ve(Erle(ﬁ)) + Ee(vrle(ﬁ)) = Ve(/l) + EE(SQ)‘ (547)

We thus have:

VPlas = Vs(,u) = Vs(,ﬁ) - EE(SQ) (548)

This result is equivalent to e.g. the classical computation of the “sire variance” in sire models in quantitative

genetics (Lynch & Walsh 1998), although the latter is generally expressed using sums-of-squares.

Curve-parameter approach There is unfortunately no simple solution to the problem of accounting for
the uncertainty of fixed effects in the general context of non-linear modelling. However, for the particular
case where the model can be framed as a linear model, as is the case for the polynomial function, then z = X6,
where X is the design matrix containing the values for the environment. Noting > x the variance-covariance
matrix of X, we can define Vpj,, as:

Volas = 0725 6. (S49)
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Again, the problem is that 6 is unknown, we only have access to the estimated values of the parameters, 6,
that are inferred with an error provided by the variance-covariance matrix of standard errors, Sg. We can
write again:

0=0+086, (S50)
Noting that the error is independent from the true value, we have:
07260 = 07250+ 07240 (S51)

To express 1Y) X é itis important to note that Sg ;; = E( éi ] i), since E(é) = 0. Then, we can note that, the error

being unknown, we actually want to compute E. (67X x0) taken across virtual repeats r of the experiment:
E(075x0) = Er(Z 0:0;3x.1)) = Z Er(0:0,)%x.j = Z So,ij2x,1,j = Tr(SeXx) (S52)
ij ij ij
This is similar to the result of Brown & Rutemiller (1977). Finally, we have:

Volas = 075 x0 — Tr(SeXx). (S53)

F Full results for the section “Perfect modelling of quadratic

curves”

This section provides the full results corresponding to the section “Perfect modelling of quadratic curves” in
the main text. The results of all investigated values for the number of environments (10 or 4) and number of
genotypes (20 or 5 for the discrete case, 200 or 50 for the continuous case) are provided for the discrete and

continuous cases.

47



Error

Curve Parameter Character-State

-0.251

-0.501

Pay =055 g = 0.44

T, = 0.56
2 - Y. =0.18
h2y = 0.3 =052
Yc=0.38

h*=0.09 vy, =-0.08
1 = 0.76
h? =0.21 =024

0.4

0.2+

0.0

-0.21

-0.41

-0.64

P?w =0.58 g =0.41

0z = %N ‘07 = ON ¥ = *IN| 0T = ©UN ‘07 = “ON ‘01 = "IN

ey = 0.59
2 Y.=0.13
h2, = 0.31 s
Ye =045

h*=0.1  y,=-0.07
W =0.74
h? =0.21 . =0.26

= P2 =058 g = 0.41
S ey = 0.59
£ 2 _ Ya = 0.13
““ Zl | MeT03 U s
" , Ye = 0.45
2 h*=01 y,=-007
z 1, =0.74
n h? =0.21 = 0.26

S

PZRN T[ISI T[ICV hiRN Yla Ylb ch Ylac hl2 hll2 b L P2

Variance component

Figure S1: Distribution of the error (difference between the inferred and true value) for each the inferred variance com-
ponents for three discrete scenarios: Neny: number of environments, Ngeq: number of different genotypes, Ngep: number
of replicates per genotype. Estimates are for f’gN (proportion of variance generated by plasticity after averaging across
genotypes), fzﬁN (total heritability of the reaction norm), h? (environment-blind heritability) and fl? (heritability from
plasticity) for both the curve-parameter and character-state approaches. For the curve-parameter, the 7-decomposition
of f’gN into g (contribution of the slope) and 7cy (contribution of the curvature); the y-decomposition of fzﬁN into y,
(genetic contribution of the intercept), y; (genetic contribution of the slope), y. (genetic contribution of the curvature)
and y,. (genetic contribution of the covariance between the intercept and the curvature) and the i-decomposition of
h? into 1, (slope) and i (curvature) are also shown. The grey dots correspond to the average over the 1000 simulations.
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Figure S2: Distribution of the error (difference between the inferred and true value) for each the inferred variance
components for four continous scenarios: Neny: number of environment tested per genotype, Ngen: number of different
genotypes. The character-state approach was impossible for the continuous environment scenario. Estimates are
for ﬁgN (proportion of variance generated by plasticity after averaging across genotypes), flﬁN (total heritability of the
reaction norm), h? (environment-blind heritability) and ﬁ? (heritability from plasticity) for both the curve-parameter and
character-state approaches. For the curve-parameter, the z-decomposition of }A’gN into s (contribution of the slope)

and 7cy (contribution of the curvature); the y-decomposition of fl%N into y, (genetic contribution of the intercept),
Y» (genetic contribution of the slope), y. (genetic contribution of the curvature) and y,. (genetic contribution of the
covariance between the intercept and the curvature) and the i-decomposition of h into 1, (slope) and i (curvature) are
also shown. The grey dots correspond to the average over the 1000 simulations.

G Comparison with the approach from Murren et al. (2014)

Murren et al. (2014) studied variation of the reaction norm shapes across different datasets, using their own
metrics. We argue in the main text that our variance decomposition is more appropriate than the ones sug-
gested by Murren et al. (2014), and we develop here why.

The first step in the approach of Murren et al. (2014) is to choose a reference reaction norm in each of the
studies and compute contrasts (i.e. difference with) to that particular reaction norm. The contrasts are then

analysed, rather than the reaction norms themselves. For the sake of simplicity, and because this does not (or
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marginally) impact our comments on this approach, we will overlook that step and consider reaction norms
directly.
For each genotype k and from its given reaction norm (or contrast) zx = {zx 1, ..., 2k, }, Murren et al. (2014)

compute four statistics (we removed the absolute values for the sake of simplicity here):

1. The offset, Oy, measures the “location” of the reaction norm, i.e. its mean. Comparison of the offsets
allows detecting wether reaction norms are “shifted” toward higher or lower values. It is computed, for

each genotype k, as the absolute value of the average of the norm across environments:

n .
Omk = M (S54)

2. The slope, Sy, measures the linear trend of the reaction norms. Formally, it is the absolute sum of the
differences between two consecutive environments, divided by the number of intervals (n — 1):

P A
n-1 '

SM,k = (855)

3. The curvature, Cyy, is computed as the absolute value of the average change in phenotype between two
consecutive pairs of environments:

2
S772 |(zris2 — zri1) — (Zhir1 — 260)|
n—2 '

Cmk = (556)

4. The wiggle, Wy, is, according to the authors the “the variability in shape not described by any of the
previous three measures”:

-2
X |(Zk,i+2 = Zkir1) — (Zkir1 — Zk,i)|
n-—2

Wik = — Cnik- (857)

Given the lower interest in this latter statistics, we will not comment on it any further. Most of the

comments on the other statistics also apply to this one.

One strong assumption underlying the calculations above is that environmental values ¢ = {e1,...,¢,} on
which the reaction norms were evaluated are evenly spaced, e.g. that the differences ¢;4; — ¢; are equal for
all possible values of i. The assumption is actually that the space between two measures is equal to 1 (which,
admittedly, is only a matter of rescaling when evenly-spaced values are already assumed). If this is the case,
then there is indeed no loss in generality in using the number of components (n, n — 1 and n — 2) rather than
actual values of x in the denominator. Although it is common for studies on reaction norms to use evenly-

spaced environmental values, it is an unnecessary assumption that shall not be satisfied by all studies.
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Second, developing the sums in Sy and Cy; above show that the intermediate values cancel each other out,

leaving only the values at each extreme of the environmental range in the estimate:

Zikn — Zk1
Smk = —Z 1
(S58)
(zkn — zkn-1) — (22 = 2k1)
Cvmrk = .

n—2

The issue here is double: (i) the estimation is highly sensitive to the random noise coming from a small number
of values (two or three/four); and (ii) the intermediate values in the reaction norm are simply thrown out and
not used for a more robust estimation. In other words, it would have been exactly the same to not measure
the reaction norm at these intermediate values, since they are not accounted for in the calculation.
A final issue is that the approach uses the measured values of the reaction norms without accounting for the
uncertainty in their estimation (i.e. standard-deviation and sample size for each genotype and environmental
value) which poses the well-known issue of non-propagation of the error when doing “statistics on statistics”.
Although we also provide estimators of the impact of several aspects of reaction norms on the phenotypic
variation, our approach differs from the one from Murren et al. (2014) by many aspects. First, our variance
decomposition makes the explicit distinction between the average shape of the reaction norm and the genetic
variance surrounding it. As such, to Ops, Sy and Cyy corresponds not only the z-, but also the y- and -
decomposition. We clearly delimit the domain of validity of each of these decomposition. We also account
for possible correlation between those components. Second, we use the whole of the statistical inference to
define our variance decomposition estimates. Third, we explicitly account for the uncertain estimation of

reaction norms.
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