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Abstract
1. Genomic reaction norms represent the range of gene expression phenotypes 

(usually mRNA transcript levels) expressed by a genotype along an environmen-
tal gradient. Reaction norms derived from common- garden experiments are 
powerful approaches for disentangling plastic and adaptive responses to envi-
ronmental change in natural populations. By treating gene expression as a phe-
notype in itself, genomic reaction norms represent invaluable tools for exploring 
causal mechanisms underlying organismal responses to climate change across 
multiple levels of biodiversity.

2. Our goal is to provide the context, framework and motivation for applying genomic 
reaction norms to study the responses of natural populations to climate change.

3. Here, we describe the utility of integrating genomics with common- garden- 
gradient experiments under a reaction norm analytical framework to answer 
fundamental questions about phenotypic plasticity, local adaptation, their inter-
action (i.e. genetic variation in plasticity) and future adaptive potential.

4. An experimental and analytical framework for constructing and analysing 
genomic reaction norms is presented within the context of polygenic climate 
change responses of structured populations with gene flow. Intended for a 
broad eco- evo readership, we first briefly review adaptation with gene flow and 
the importance of understanding the genomic basis and spatial scale of adap-
tation for conservation and management of structured populations under an-
thropogenic change. Then, within a high- dimensional reaction norm framework, 
we illustrate how to distinguish plastic, differentially expressed (difference in 
reaction norm intercepts) and differentially plastic (difference in reaction norm 
slopes) genes, highlighting the areas of opportunity for applying these concepts.

5. We conclude by discussing how genomic reaction norms can be incorporated 
into a holistic framework to understand the eco- evolutionary dynamics of cli-
mate change responses from molecules to ecosystems. We aim to inspire re-
searchers to integrate gene expression measurements into common- garden 
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1  |  INTRODUC TION

Global wildlife is experiencing unprecedented threats from an-
thropogenic sources (IPBES, 2019; United Nations Summit on 
Biodiversity, 2020). The Intergovernmental Panel on Climate Change 
(IPCC) highlighted ‘the urgency of prioritizing timely, ambitious and 
coordinated action to address unprecedented and enduring changes’ 
(IPCC, 2019). Arguably, the most widespread and urgent danger is 
that of rising and increasingly variable temperatures (IPCC, 2018, 
2019). Mean temperatures have risen 1°C in recent decades and are 
expected to increase 3– 6°C globally, coupled with increased mag-
nitude and frequency of thermal extremes (IPCC, 2018, 2019). The 
extent of these changes will vary locally, along with a host of other 
covarying and interacting variables (e.g. precipitation, sea level rise, 
storm activity; IPCC, 2018). Under these circumstances, populations 
and species will disperse to more favourable environments (if avail-
able), cope with new environmental conditions through phenotypic 
plasticity, adapt if there is sufficient time and genetic variation to do 
so or perish via maladaptation to the new environment (Capblancq 
et al., 2020; Williams et al., 2008). Much attention is focused on 
predicting these outcomes (e.g. Bay et al., 2017; Brito- Morales 
et al., 2018; Lasky et al., 2020; Waldvogel et al., 2020), with the in-
tent of informing effective conservation and management strategies 
while also highlighting emerging resources for potential sustainable 
exploitation.

1.1  |  Responses to environmental change often 
vary geographically and have a genetic basis

As the effects of climate change are expected to vary at local spa-
tial scales (IPCC, 2018), the capacity of populations for plastic and 
adaptive responses must also be assessed locally (Lasky et al., 2020). 
Local adaptation produces genetically differentiated populations 
with traits that can differ in both mean phenotype and phenotypic 
plasticity (the range of phenotypes expressed by a genotype under 
different environmental conditions; Bradshaw, 1965). Therefore, 
spatial environmental heterogeneity can lead to variation in mor-
phology, life history, physiology and behaviour among populations 
as well as how these phenotypes change in response to changes 
in the environment (Hutchings, 2011; Oomen & Hutchings, 2015). 
This genetic variation contributes to the observed global diversity in 
traits and their plasticities, one consequence of which is that envi-
ronmental change will affect locally adapted populations differently 

(Hoffmann et al., 2015). Key parameters affecting responses to cli-
mate change across space and time are the genomic basis and spatial 
scale of variation in adaptive traits. For example, the distribution of 
adaptive variants relative to environmental variation can facilitate 
the predictions of population responses of individual traits and eco-
logical dynamics (Bay et al., 2018; Capblancq et al., 2020; Layton 
et al., 2021; Waldvogel et al., 2020), whereas the genomic architec-
ture of traits under selection affects their evolutionary responses 
(Bay et al., 2017; Kardos & Luikart, 2021; Oomen et al., 2020).

1.2  |  Genomic reaction norms can link genotype, 
phenotype and demography

Genomic technologies provide extraordinary opportunities for un-
ravelling the demographic and adaptive processes that form the 
basis of adaptive evolutionary management (Bernatchez et al., 2017; 
Hoffmann et al., 2015), notwithstanding challenges in doing so 
(Coates et al., 2018; Waples & Lindley, 2018). However, most pop-
ulation genetic studies neglect to examine the phenotypic traits 
potentially undergoing selection (Cushman, 2014; de Villemereuil 
et al., 2016). More traditional experimental approaches, such as 
common- garden and reciprocal transplant experiments, are un-
matched for their ability to disentangle genetic and environmen-
tal (i.e. plastic) effects on phenotypes, but generally do not seek 
to identify the specific genomic basis of phenotypic variation (de 
Villemereuil et al., 2016; Oomen & Hutchings, 2017). As a result, our 
understanding of the mechanistic links between genotype and phe-
notype that shape phenotypic variation in time and space is lacking, 
despite increasingly being cited as important for understanding spe-
cies responses to environmental change (Lasky et al., 2020).

Distinguishing plastic physiological and behavioural responses to 
climate from genetic adaptation in wild populations is challenging 
because phenotypic variation expressed at one developmental or 
life- history stage could be attributed either to genetic differences or 
environmental conditions experienced earlier in life. Distinguishing 
plastic and evolved responses is critical for understanding the time- 
scales and manner in which species are expected to respond to cli-
mate change (Crozier & Hutchings, 2014).

Reaction norms (sensu Woltereck, 1909) are a classic tool for par-
titioning phenotypic variation into genetic and environmental com-
ponents as well as their interaction (i.e. VG×E; Stearns, 1989; Oomen 
& Hutchings, 2020). They graphically, mathematically and concep-
tually represent the range of phenotypes expressed by a genotype, 

experimental designs to investigate the genomics of climate change responses 
as sequencing costs become increasingly accessible.

K E Y W O R D S
common- garden experiment, environmental change, gene expression, genomic forecasting, 
local adaptation, phenotypic plasticity, RNA sequencing, transcriptomics
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or group of genotypes, along an environmental gradient (Figure 1). 
Combining such measures with a common- garden design offers 
a powerful approach for detecting genetic variation in plasticity 
(Hutchings, 2011; Oomen & Hutchings, 2015), which is in itself a her-
itable trait for selection to act upon (Chevin et al., 2010; Lande, 2009; 
Nussey et al., 2005). Phenotypic variation due to genes, environment 
and their interaction is reflected by reaction norm intercepts, slopes 
(or shapes) and differences between slopes (or shapes) respectively 
(Figure 1; Murren et al., 2014). Therefore, comparing reaction norms 
among populations reveals whether phenotypic differences are plas-
tic or evolved, thereby affecting the manner and rate at which popu-
lations will respond to environmental change.

Reaction norms also inform how plasticity and evolution interact, 
as alternative hypotheses produce distinct patterns of reaction norm 
variation among populations. For example, plasticity can promote 
(via genetic accommodation) or constrain (by buffering the pheno-
type from selection) adaptive evolution (Crispo & Chapman, 2010; 
West- Eberhard, 2003). In the former case, evolution can occur via 
genetic assimilation (a phenotype ancestrally expressed only during 
an adaptive plastic response becomes fixed in a new environment) 
or genetic compensation (maladaptive plasticity is selected against, 
leading to fixation of the ancestral phenotype; Grether, 2005; 
Swaegers et al., 2020). Furthermore, comparing reaction norms 
within populations (e.g. at the family level) produces a measure 
of standing genetic variation in plasticity, which can be compared 

among populations to reflect the relative adaptive potentials of their 
plastic responses to the environment (Harder et al., 2020; Oomen & 
Hutchings, 2015).

Integrating common- garden- gradient experiments with ge-
nomics facilitates adaptive and functional insights into genetically 
based variation in phenotypes and phenotypic responses (Lafuente 
& Beldade, 2019). Genomics has taken reaction norms into a high- 
dimensional era by permitting the examination of molecular pheno-
types en masse. Genomic reaction norms treat gene expression as 
a phenotype itself (Aubin- Horth & Renn, 2009). Gene expression 
is usually quantified as genome- wide mRNA transcript abundance 
(i.e. transcriptomics), though protein expression (i.e. proteomics) can 
be similarly considered. In this way, genomic reaction norms can be 
used to link changes in downstream phenotypes and fitness to dif-
ferences in gene regulation, providing a mechanistic understanding 
of phenotypic plasticity and how traits and their plasticities evolve 
(Oomen & Hutchings, 2017). Thus, a hybrid approach that combines 
reaction norms with genomics is capable of spanning several levels 
of biological organization and multiple spatial and temporal scales of 
environmental responses.

Here, we describe a reaction norm framework for integrating ge-
nomics with common- garden- gradient experiments to answer fun-
damental questions about phenotypic plasticity, local adaptation, 
their interaction (i.e. genetic variation in plasticity) and future adap-
tive potential in the context of climate change. We first briefly review 

F I G U R E  1  Hypothetical reaction 
norm variation for three ‘genotypes’ 
(i.e. families, populations or species) for 
(a) linear, (b) quadratic and (c) threshold 
shapes. The examples reflect a variety 
of organisms, phenotypes and levels of 
biological organization for which reaction 
norms are constructed. Photo credits (top 
to bottom): Rob Duvall; Jay Fleming/US 
Nat'l Park Svc; Charles J. Sharp
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adaptation with gene flow and the importance of understanding 
the genomic basis and spatial scale of adaptation for conservation 
and management of structured populations under anthropogenic 
change. We then propose genomic reaction norms (Aubin- Horth & 
Renn, 2009) as a key tool for distinguishing plastic and evolutionary 
responses to climate and identifying the genomic basis and spatial 
scale of climate adaptation. Experimental and analytical consider-
ations pertaining to constructing and analysing climate genomic 
reaction norms are discussed. We conclude by discussing how ge-
nomic reaction norms can be incorporated into a holistic framework 
to understand the eco- evolutionary dynamics of climate change re-
sponses from molecules to ecosystems.

2  |  GENE FLOW AND GENETIC 
ARCHITEC TURE AFFEC T THE SPATIAL 
AND TEMPOR AL SC ALE OF VARIATION IN 
CLIMATE RESPONSES

2.1  |  Adaptation can find a way in the face of 
gene flow

Adaptive divergence is counteracted by the homogenizing the effects 
of gene flow: swamping of locally adapted alleles and reduced fitness of 
immigrants (Bulmer, 1972; Lenormand, 2002; Wright, 1931). In addition 
to the extent of gene flow and the strength of selection, the migration- 
selection balance (Felsenstein, 1976) depends on demographic factors, 
such as population abundance and sex ratio as well as genetic factors, 
such as frequencies of adaptive variants and genome organization. 
Despite a large body of empirical and theoretical work describing the 
interplay between some demographic, genetic and environmental vari-
ables (Allendorf et al., 2010; Lande, 1988, 1993; Lowe et al., 2017), there 
are many unresolved questions that prevent us from predicting the 
conditions under which local adaptation occurs in nature and the im-
pact of environmental change on wild populations (Bernatchez, 2016; 
Capblancq et al., 2020; Hansen, Olivieri, et al., 2012).

2.2  |  The genomic basis of adaptation informs eco- 
evolutionary responses

A mechanistic understanding of adaptation requires that, at the very 
least, the specific selective pressure, the phenotypic trait under-
going selection and the genetic basis of that trait be known, in the 
context of demographic processes. Despite several calls for using 
integrated approaches to address limitations in our knowledge of 
these components (e.g. Dalziel et al., 2009; Lowe et al., 2017; Oomen 
& Hutchings, 2017; Pörtner et al., 2006), progress has been slow for 
non- model species. Large- scale genotyping [e.g. single nucleotide 
polymorphisms (SNPs)] and next- generation sequencing (e.g. RAD 
sequencing, RNA sequencing, long-  and linked- read sequencing) 
technologies coupled with advances in big data handling and bioin-
formatic software are enabling the characterization of genome- wide 

variation in large samples with little or no prior genomic resources 
(Fuentes- Pardo & Ruzzante, 2017; Mérot et al., 2020). As a con-
sequence, it is increasingly feasible to isolate the genetic basis of 
adaptive traits. For example, identifying the genomic basis of parallel 
adaptation to fresh water in three- spined sticklebacks Gasterosteus 
aculeatus led to several revelations about the roles of standing ge-
netic variation, non- coding regulatory elements and genetic and 
genomic architecture in adaptive evolution (Jones et al., 2012). A 
recent study in natural populations of nematodes Caenorhabditis el-
egans identified a single point mutation underlying adaptive pheno-
typic plasticity of a complex trait, matricidal hatching, in response to 
nutrient levels (Vigne et al., 2021). Genetic and genomic architecture 
has also emerged as a key mechanism involved in adaptation in the 
face of gene flow (Nosil et al., 2009; Tigano & Friesen, 2016), trait 
evolution and recovery under periodic selection (Oomen et al., 2020) 
and population viability under rapid environmental change (Kardos 
& Luikart, 2021). Therefore, uncovering the genomic basis of adap-
tation yields new insights into plasticity and adaptation, with direct 
relevance for wildlife conservation and management.

2.3  |  The spatial scale of adaptation affects the 
efficacy of management strategies

Of major concern for wildlife management is the spatial scale at 
which adaptive variation exists and its distribution relative to spa-
tially heterogeneous selection pressures. Conservation and man-
agement practices are frequently implemented geographically 
(Coates et al., 2018) and often rely on identifying units considered 
to represent distinct genetic components as targets for conserva-
tion (Ryder, 1986; reviewed by Fraser & Bernatchez, 2001). This ap-
proach is aimed at preserving intraspecific diversity, which bolsters 
the adaptive potential of a species and, therefore, its ability to evolve 
in response to environmental change (Hoffmann & Sgrò, 2011). 
Intraspecific diversity is also, on average, just as important as spe-
cies diversity for maintaining broader ecological processes and 
ecosystem services (Des Roches et al., 2018). Therefore, failing to 
account for spatially structured adaptive variation in conservation 
and management plans can erode both the population of interest 
and ecosystem functioning as a whole. However, governance struc-
tures, such as jurisdictional entities responsible for forestry and fish-
eries management, typically operate on unduly broad scales, making 
assessment across multiple spatial scales ideal for informing effec-
tive and feasible conservation strategies in many cases (Mason & 
Lashley, 2021; Oppel et al., 2018; Price et al., 2004).

2.4  |  The genetic architecture and spatial scale of 
adaptation interact

Climate (mal)adaptation is evident on very broad scales, such as be-
tween polar, temperate and tropical regions and microgeographic 
scales, such as across microhabitat (e.g. shade level, elevation, depth) or 
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urbanization gradients, and everything in between. Importantly, even in 
the absence of reproductive barriers, gene flow depends on geographic 
barriers, including the distance between the populations relative to 
their dispersal capabilities (Richardson et al., 2014). Consequently, gene 
flow usually varies across the range of a species. Because the primary 
factors driving adaptation are expected to vary with gene flow (Nosil 
et al., 2009; Tigano & Friesen, 2016), different genomic architectures 
might underlie adaptation at different spatial scales. The potential inter-
action between the genetic architecture and spatial scale of adaptation 
means that the identities of adaptive loci may vary across the species 
range, potentially affecting the rate and manner in which populations 
will evolve in response to warming (Kardos & Luikart, 2021; Oomen 
et al., 2020). Investigating these factors in parallel will improve the pre-
dictions of evolutionary responses to climate change.

3  |  GENOMIC RE AC TION NORMS 
FROM COMMON-  GARDEN-  GR ADIENT 
E XPERIMENTS C AN HELP IDENTIF Y 
THE GENETIC BA SIS AND SPATIAL 
SC ALE OF VARIABLE RESPONSES TO 
ENVIRONMENTAL CHANGE

3.1  |  Common- garden- gradient experiments 
inform plastic and evolutionary responses

Reaction norms are typically constructed using common- garden or 
reciprocal transplant experiments whereby the same set of geno-
types are exposed to multiple environmental conditions in a con-
trolled setting, such that phenotypic variation among genotypes, 
while accounting for potential maternal effects, must have a ge-
netic basis. Because a single individual can only experience one 
environmental condition while maintaining identical developmental 
histories as others, reaction norms can be quantified for a single 
genotype in clonal species, or at the family, population or species 
levels in others (Oomen & Hutchings, 2020). This distinguishes re-
action norms somewhat from ‘performance curves’, which can also 
be based on repeated measures of the same individuals (Schulte 
et al., 2011). Therefore, reaction norms along a temperature gradi-
ent are a specific type of ‘thermal performance curve’, a very com-
mon concept in physiology (Schulte, 2015; Schulte et al., 2011). The 
common- garden- gradient reaction norm approach has been used 
for decades to quantify plastic and evolved responses to temper-
ature in a wide variety of taxa, including plants, invertebrates and 
vertebrates, especially fishes (Hutchings, 2011; Murren et al., 2014; 
Oomen & Hutchings, 2015; Sultan, 2017).

3.2  |  Reaction norms can be constructed for 
genes and genomes

While the use of genomic reaction norms to study the expression 
of a select number of candidate genes in an individual manner has 

gained some traction (Aubin- Horth & Renn, 2009; Croisetière 
et al., 2010; Smith et al., 2013), their potential to study genome- 
wide variation in gene expression is still under- realized in ecologi-
cal contexts (but see Lafuente & Beldade, 2019). Genes do not 
operate in isolation, but rather form a network of additive effects 
and epistatic interactions that can promote or constrain adapta-
tion (Satokangas et al., 2020). Many traits (particularly those re-
lated to climate) are associated with hundreds to thousands of 
loci (Bay et al., 2017) and/or large blocks of loci in tight linkage 
disequilibrium (Oomen et al., 2020). Therefore, a lack of a holis-
tic framework for analysing the reaction norms of all genes in a 
collective manner limits our understanding of the molecular and 
physiological underpinnings of responses to the environment. 
There is also a need for the development of bioinformatic tools 
to facilitate the interpretation of genomic reaction norms and the 
insights gained from vast amounts of genomic data. By mechanis-
tically linking DNA sequence and transcript abundance to down-
stream phenotypes and fitness under a range of environmental 
conditions, genomic reaction norms can reveal the genetic basis of 
climate responses and evolutionary constraints on climate adapta-
tion (Oomen & Hutchings, 2017; Rivera et al., 2021).

Transcriptomics provides a key bridge in this regard, by link-
ing genes to phenotypes at a genome- wide scale. Because of its 
presumed influence on physiological, morphological, behavioural 
and life- history traits, gene expression is considered a putatively 
adaptive phenotype itself. Expression profiles can, therefore, be 
used to inform the design of conservation units (Hansen, 2010; 
Vandersteen Tymchuk et al., 2010) and biomarkers for sublethal 
stress (Akbarzadeh et al., 2018) as well as to monitor the condition 
of wild individuals (reviewed by Evans & Hofmann, 2012). In the con-
text of the experimental framework outlined above, transcriptomics 
enables the construction of genomic reaction norms on a genome- 
wide scale. Genomic reaction norms can be used to characterize 
the molecular basis of phenotypic plasticity and identify candidate 
genetic variants underlying adaptive phenotypes, thus adding im-
portant pieces to the genotype– phenotype- environment puzzle 
(Aubin- Horth & Renn, 2009; Shama et al., 2016).

4  |  E XPERIMENTAL AND ANALY TIC AL 
FR AME WORK FOR GENOMIC RE AC TION 
NORMS

4.1  |  Common- garden experimental design

General wisdom for common- garden experimental design (Oomen 
& Hutchings, 2015; Schulte et al., 2011; van de Pol, 2012) and gene 
expression experiments (Fang & Cui, 2011; Hansen, Wu, et al., 2012; 
Oomen & Hutchings, 2017; Sendler et al., 2011) has been covered 
elsewhere. Rivera et al. (2021) reviewed methods to understand the 
role of gene expression plasticity in stress tolerance using a genomic 
reaction norm framework. Here, we focus on some issues of particu-
lar relevance for genomic climate reaction norms.
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It is usually desirable to expose genotypes to a range of envi-
ronments encompassing native and projected values, according to 
the IPCC (IPCC, 2018) or more local projections based on in- house 
simulations. However, at least three environmental treatments are 
required in order to distinguish linear and nonlinear reaction norms 
(Figure 1). For reasons discussed in the previous section, depending 
on a species distribution range, dispersal capabilities, reproductive 
barriers, scale of disturbance and putative genomic architecture of 
adaptation (if known), it might be relevant to investigate variation 
across one or more levels of biological variation (e.g. strain, family, 
population, species) and/or spatial scales (e.g. microhabitat, local, 
regional) to understand the genomic basis and spatial scale of adap-
tation (Figure 2).

It is critical to link genomic reaction norm variation to fitness 
(herein considered as lifetime reproductive success) in order to 
understand its impact on demographic rates, which are of ulti-
mate interest in biodiversity conservation and management. 
Progress can be made by correlating reaction norm variation 
between genomic and downstream fitness- related phenotypes, 
especially reproductive success, survival and, in the context of cli-
mate change, metabolism, growth and thermal tolerance, among 
others. Even for conventional common- garden experiments, it is 
challenging to link any particular trait to fitness because: (a) there 
are a near- infinite number of traits (both known and unknown) and 
times at which they can be measured, (b) many traits are tightly 
correlated and (c) these relationships are often environmentally 
dependent. Therefore, we are limited to likelihoods and intuition 
to conclude which traits are relevant for the cumulative survival 

and reproductive success over an individual's lifetime. These chal-
lenges are in some ways exacerbated for genomic reaction norms 
because the expression of many genes is extremely dynamic on 
even very short time- scales, reflecting an instantaneous response 
to environmental conditions. This means that the chance of cap-
turing a moment of gene expression that is highly relevant for 
fitness is less likely. On the other hand, constitutive differences 
in gene expression among genotypes may be more confidently 
linked to fitness, given their consistency throughout life. To mit-
igate these challenges, expression can be measured during (or 
immediately preceding) key mortality and reproductive events, 
such that environment and genotype × environment effects can 
be most strongly associated with these core fitness traits (e.g. 
Harder et al., 2020). Measuring expression across environmental 
gradients (and ideally at multiple time points) can identify consti-
tutive differences in expression attributable to genotype that are 
associated with downstream differences in fitness among geno-
types. Rivera et al. (2021) provide a framework for linking gene 
expression plasticity and fitness from the perspective of compar-
ing stress- tolerant and susceptible populations.

It is a standard practice to sample several individuals (i.e. bio-
logical replicates) from multiple treatment replicates (e.g. garden 
plots, jars, tanks) in order to compare phenotypic variation within 
and between treatments (e.g. using pairwise comparisons or ANOVA 
statistics). With regard to sample size, genomic reaction norms differ 
from those of traditional phenotypes because fewer individuals are 
needed to achieve sufficient power for the most common types of 
differential expression analysis. Although it depends on the amount 
of biological variation in the study system (which can be estimated 
using a pilot study and statistical power calculator), the analyses of 
gene expression estimate within- gene variance using information on 
the expression levels of all genes and achieve sufficient power with 
fewer biological replicates (Todd et al., 2016). Therefore, it will often 
be practical to sample more individuals for traditional phenotypic 
measurements and only perform gene expression analyses on a sub-
set of these.

4.2  |  An— analytical framework for  
high- dimensional genomic reaction norms

After gene expression data generation and exploration (see Box 1 
for details), differential expression analysis can be used for genomic 
reaction norm construction. The inherent complexity of differential 
expression analysis, which quantifies the mean relative expression 
levels of each of thousands of genes between the groups, originally 
necessitated simple experimental designs such as pairwise contrasts. 
Now it is possible to construct multifactorial mixed- effect models to 
analyse the influences of genotype, environment and genotype × en-
vironment interactions on gene expression while accounting for 
random variation due to experimental replicate or sequencing run/
lane (i.e. random effects, collectively known as ‘batch’ effects [B] in 
differential expression analysis).

F I G U R E  2  Example 3 × 3 common- garden experimental 
design across two scales of biological variation, wherein local 
adaptation to temperature across broad (latitudinal) scales and 
small (microhabitat) scales are assessed. Black squares represent 
broad- scale × small- scale groups, and grey squares represent 
experimental replicates (e.g. plots or tanks). In many cases, it will 
not be feasible to assess all groups at the same time, in which case 
systematic temporal overlap is recommended to estimate potential 
batch effects (B)
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A basic model resembles the formula for variance components 
of a quantitative trait, whereby VPx is the variance in expression of 
each gene, VG is the variance in expression due to genotype, VE is the 
variance in expression due to environment, VG×E is the variance in ex-
pression due to the interaction between genotype and environment, 
B represents batch effects and Ɛ represents error:

A list of differentially expressed genes is obtained for each model 
term separately, depending on whether that factor significantly af-
fected transcript abundance overall. Unlike a typical reaction norm 
model based on a single phenotype, thousands of gene expression 
phenotypes are assessed simultaneously, and therefore different 
model terms might explain a significant amount of expression varia-
tion for different genes. If a model term does not affect differential 
expression of any genes, it is justified to remove it from the model. 
However, whether to retain a model term affecting expression of 
only one or few genes is a judgement informed by the specific re-
search question and planned downstream analyses.

In the context of genomic reaction norms, we propose the 
terms ‘differentially expressed’, ‘plastic’ and ‘differentially plas-
tic’ to describe genes whose expression is significantly affected 
by VG, VE and VG×E respectively (Box 2; Figure 3). Categories aid 
in genomic reaction norm interpretation and provide groups of 

genes with important distinctions for use in downstream analyses. 
Importantly, they are independent of whether gene expression is, 
on average, upregulated, downregulated or unchanged in relation 
to the environmental gradient (Figure 3). Thus, one can extract sub-
sets of genes according to both of these criteria and discuss them 
accordingly.

For example, one might be interested in genes that show a 
mean increase in expression in response to warmer temperatures 
(Figure 3a,d,g,j), or for which the degree of increase depends on 
genotypes adapted to different temperatures (Figure 3g,j), whether 
(Figure 3j) or not (Figure 3g) the genotypes differ in mean expres-
sion. These classifications could apply to reaction norms in general. 
However, rarely is information on so many phenotypes available that 
such categories would become useful, if not essential, for biological 
interpretation (although this is likely to change in the burgeoning era 
of ‘phenomics’ borne from applying machine learning to big data-
sets to extract phenotypic information en masse; Lürig et al., 2021). 
Downstream analyses and interpretation are also often performed 
separately for up and downregulated genes. The framework herein 
provides a means of doing so according to genotype, environment, 
their interaction or any combination thereof.

The utility of such categories of differentially expressed genes is 
evident in a study comparing genomic reaction norms among north-
ern and southern populations of damselfly Ischnura elegans across 
their summer temperatures to determine whether climate adaptation 

(1)VPx = VG + VE + VG×E + B + ℇ.

BOX 1 Gene expression data generation and exploration for genomic reaction norm construction

Genomic reaction norms can be constructed using traditional species- specific microarrays (Meier et al., 2014; Morris et al., 2014), high- 
throughput RNA sequencing (Casasa et al., 2020; Wellband & Heath, 2017) or both (Huang et al., 2020). The choice will largely depend on 
the genomic resources available for a particular species (i.e. if a relevant microarray is available) and budget considerations, as RNA sequenc-
ing is more costly per individual library (but note that samples can be pooled; for a detailed comparison, see Oomen & Hutchings, 2017). 
Ultimately, the base- pair resolution of RNA sequencing will make it the optimal choice in many instances (Oomen & Hutchings, 2017; 
Ozsolak & Milos, 2011; Wang et al., 2009). One particular advantage of RNA sequencing is that it enables variant calling on the same 
individuals (Lopez- Maestre et al., 2016; Piskol et al., 2013), such that the effects of different variants and genomic arcitectures on gene 
expression can be readily evaluated (see Section 4.3).

RNA expression, integrity and sequencing are extremely sensitive to time and intrinsic and extrinsic environmental factors. The greatest 
systematic source of error in RNA sequencing experiments is typically that imposed by different sequencing lanes or runs (Leek et al., 2010; 
Leigh et al., 2018). Initial exploratory analyses are extremely useful for identifying such unintended sources of variation prior to hypothesis 
testing. Typical RNA- seq workflows involve initial data exploration, using tools that summarize variation along two visible dimensions, such 
as multidimensional scaling (MDS), biological coefficient of variation (BCV), principal component analysis (PCA) and t- distributed stochastic 
neighbour embedding (tSNE) plots, implemented in various R packages [e.g. edgeR (Chen et al., 2014), DEseq (Love et al., 2014) and Rtsne 
(van der Maaten, 2014; van der Maaten & Hinton, 2008)]. However, for experiments of the complexity discussed herein, involving several 
axes of known and unknown variation, a gene- by- gene partitioning of variance can be helpful, as implemented in the R package variance-
Partition (Hoffman & Schadt, 2016). Grade of Membership (GoM) models [known to population geneticists as STRUCTURE plots (Pritchard 
et al., 2000)] are also useful for assessing the dominant drivers of gene expression variation based on expression clusters rather than indi-
vidual genes, implemented in CountClust (Dey et al., 2017).

This non- exhaustive list of approaches should facilitate the construction of a model that appropriately captures important sources of 
technical and biological variation in gene expression. Such models can be fit to transcript abundance data and used to test for differential 
expression using, for example, the r package edger (Chen et al., 2014) together with limma (Law et al., 2016; Ritchie et al., 2015).
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is attributable to the plasticity or evolution of gene expression 
(Swaegers et al., 2020). Because most differentially expressed genes 
showed fixed differences in mean expression between the popula-
tions (i.e. VG; Figure 3d– f), it was concluded that changes in consti-
tutive gene expression have driven, and will presumably continue to 
drive, thermal adaptation in this species. Of those genes exhibiting 
a plastic response to temperature but a lack of differential plasticity 
(Figure 3a,c,d,f), more than half were upregulated (Figure 3a,d). 
Interestingly, few of these genes overlapped with those associated 
with the response to short- term heat stress (Lancaster et al., 2016), 
suggesting that short-  and long- term responses to warming involve 
largely different pathways. Many genes also exhibited VG×E effects 
(Figure 3e– l). Swaegers et al. (2020) further divided these genes into 
those that showed a pattern of: (a) genetic compensation (Figure 3j 
for genes that are, on average, upregulated in response to tem-
perature; flipping the plot vertically would produce the equivalent 
pattern for downregulated genes), (b) genetic assimilation (Figure 3l 
for genes that are, on average, downregulated in response to tem-
perature; flipping the plot vertically would produce the equivalent 
pattern for upregulated genes) or (c) reversal (Figure 3h,k). The 
most abundant category was genetic compensation, suggesting that 
this process is the most likely to drive the evolution of plasticity in 
response to mild warming in the northern population. In this way, 
the use of such categories of genomic reaction norm variation (or 

specifications and combinations thereof) enabled the tests of a va-
riety of hypotheses regarding evolutionary adaptation to climate 
change.

4.3  |  Adding spatial and genomic- architectural 
complexity to the genomic reaction norm framework

Further insight into the spatial scale and genomic basis of adaptation 
can be gained from more complex experimental designs. In the con-
text of examining genomic reaction norms at multiple levels of bio-
logical organization or spatial scales (Figure 2), one can extend the 
model (1) to nest multiple levels/scales, wherein VGi is the smaller/
lower scale/level and VGj is the larger/upper one:

Alternatively, one can perform single nucleotide polymorphism 
(SNP) and structural variant (SV) calling on the transcriptome se-
quence data to characterize population structure according to dif-
ferent genomic architectures, which often differs between SNPs 
and SVs (Lopez- Maestre et al., 2016; Mérot et al., 2020; Norman 
et al., 2014; Piskol et al., 2013). Doing so permits comparison of 
the effects of different genomic architectures on genomic reaction 

(2)VPx = VGi

(

VGj

)

+ VE + VGi×E

(

VGj×E

)

+ B + ℇ.

BOX 2 A high- dimensional genomic reaction norm framework

By linking differential expression model outputs with corresponding reaction norms, this genomic reaction norm framework facilitates: 
(a) disentangling genetic and environmental components of gene expression variation, (b) interpreting expression difference magni-
tudes and directions and (c) categorizing genes according to similar expression patterns (Figure 3). In pairwise contrasts common to 
traditional differential expression analyses, one level of a factor is selected as the reference against which the second level is compared. 
In mixed- effects models described here (Equations 1– 3), the level of each factor that comparisons are made against (the ‘model inter-
cept’) must be set in order to identify the direction of mean differential expression between the groups (for more on model intercepts 
and mixed- effects models in general, refer to Harrison et al., 2018).

For example, in Figure 3k, differential expression is negative because the red genotype has lower mean expression compared to the 
blue genotype that is set as the intercept. However, differential plasticity is positive because the red genotype has a more positive slope 
compared to the blue genotype. In contrast, in Figure 3h, differential plasticity is negative because the red genotype has a more negative 
slope compared to the blue genotype. For the examples illustrated in both categories (Figure 3h,k), differential plasticity is equal to two 
times the magnitude of each slope because the slopes are equal with opposite signs (indicated with two orange segments of equal length 
to the VE effect arrows). For the other categories illustrating differential plasticity (Figure 3g,i,j,l), its magnitude is simply the difference 
between the magnitudes of each slope because the slopes have the same sign.

This framework refers to the overall effects of VG, VE and VG×E on gene expression. After obtaining a significant effect for a factor, 
one can conduct post hoc contrasts between specific levels to identify where significant differences lie. For such contrasts, the intercept 
is set for the desired genotype and environment one wishes to compare against.

For simplicity, we present a comparison of only two of the ‘groups’ represented in Figure 2 [poleward (blue) vs. equatorial (red) at low 
‘microhabitat’ values]. It is reasonable to assume that intermediate spatial scales (e.g. yellow environment) would produce intermediate 
patterns of adaptation. However, ideally one would incorporate intermediate scales as they could represent transition zones with unique 
properties (e.g. contact or hybrid zones). This framework could also be expanded to incorporate a nested spatial scale (e.g. microhabitat; 
Figure 2) using a nested model of phenotypic variance (Equation 2) and z- axis to produce three- dimensional reaction norms. This framework 
is also applicable to other types of ‘omic’ data (e.g. proteomics, phenomics).
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norm variation, such as subpopulations determined from genome- 
wide SNP variation (VGsnp×E) and known SVs (VGsv×E) and their respec-
tive interactions with the environment (VGsnp×E and VGsv×E):

Disentangling the effects of sequence and structural variation in the 
genome is important for understanding the spatial distribution of adap-
tive variants and the evolutionary potential of populations to adapt to 
environmental change (Mérot et al., 2020; Oomen et al., 2020).

4.4  |  Functional interpretation of genomic 
reaction norm variation

Functional analyses of gene expression variation depend on 
many factors, such as the numbers of genes exhibiting signifi-
cant variation in expression and the genomic resources avail-
able (e.g. high- quality reference genome and annotation), and are 
discussed in depth elsewhere (e.g. Alvarez et al., 2015; Oomen 
& Hutchings, 2017; Ozsolak & Milos, 2011; Todd et al., 2016). 
The analyses of particular relevance in the context of genomic 

(3)VPx = VGsnp + VGsv + VE + VGsnp×E + VGsv×E + B + ℇ.

F I G U R E  3  A reaction norm framework for decomposing gene expression (VPx) differences into overall effects of genotype (VG; green), 
environment (VE; purple) and genotype × environment interaction (VG×E; orange; Equation 1 fixed effects). For each individual gene, there 
are 12 categories (a- l) of gene expression patterns along an environmental gradient. The difference (Δ) in gene expression attributable to 
each component (i.e. model term) in each category is summarized in terms of direction and relative magnitude compared to the selected 
model intercept. In this example, the intercept is set to the blue genotype and the blue environment (e.g. the poleward genotype and the 
lowest temperature; Figure 2). Non- zero differences in overall expression are categorized as positive (+) or negative (−) in direction relative 
to the model intercept. Relative magnitudes of expression differences are reflected in the length of arrows and segments below these 
signs. Arrows represent purely environmental effects (VE), which are described as up-  or downregulated along an environmental gradient, 
separately for each genotype. Segments represent effects with a genetic component (VG and VG×E). VG is referred to as differentially 
expressed (DE) between genotypes with respect to mean expression across all environments. VG×E is referred to as differentially plastic (DP) 
between genotypes with respect to their responses to the environment. If significant overall effects are found, one can conduct post hoc 
contrasts between specific levels of the factor to determine where the differences lie
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reaction norms are: (a) functional enrichment tests to infer which 
molecular and physiological processes vary [e.g. using AmiGO 
(Carbon et al., 2009) or PANTHER (Mi et al., 2019)], (b) expres-
sion Quantitative Trait Loci (eQTLs) to pinpoint the genomic basis 
of gene expression variation (Huang et al., 2020; Lafuente & 
Beldade, 2019; Majewski & Pastinen, 2011), (c) allele- specific ex-
pression (Khansefid et al., 2018) and patterns of alternative splicing 
(Engström et al., 2013; Verta & Jacobs, 2022) from RNA- seq data 
to reveal more detailed, gene- specific phenomena relevant for 
particular species' responses to the environment and (d) weighted 
gene co- expression network analysis (WGCNA; Langfelder 
& Horvath, 2008) to infer plastic and evolved differences in 
gene regulatory networks (Casasa et al., 2020, 2021; Huang 
et al., 2020; Rose et al., 2016) and functions of unknown genes 
(Orsini et al., 2018; Stanford & Rogers, 2018). Note that weighted 
gene co- expression network analysis decomposes genome- wide 
expression patterns into co- expression modules that can be simi-
larly integrated into a linear modelling framework for partitioning 
of phenotypic variance (Aubin- Horth & Renn, 2009). This reduc-
tion of dimensionality prior to genomic reaction norm construc-
tion provides an adjusted approach to the high- dimensional one 
described herein and is sufficient for describing dominant patterns 
of gene expression.

Finally, links between genomic reaction norm variation and fit-
ness can be explored genome- wide by correlating the expression 
patterns of genes or gene co- expression networks with fitness- 
related phenotypes. A similar approach was used to correlate 
genes differentially expressed between fish developmentally and 
transgenerationally exposed to warmer temperatures with meta-
bolic rate and aerobic scope to understand the molecular basis of 
plastic responses to climate change (Veilleux et al., 2015). Harder 
et al. (2020) coupled genomic reaction norms (thiamine treatment 
vs. control) with formal survival analyses of early life stages of 
Atlantic salmon Salmo salar. In doing so, they identified the genetic 
basis of family- level variation in survival in response to thiamine 
deficiency, which is required for an adaptive response to this 
emerging stressor. See the section Common- garden experimental 
design for more discussion on linking gene expression to pheno-
types and fitness.

5  |  GENOMIC RE AC TION NORMS 
CONTRIBUTE TO A HOLISTIC FR AME WORK 
FOR FOREC A STING CLIMATE CHANGE 
RESPONSES

Thus far, we have discussed how genomic common- garden- gradient 
experiments are powerful approaches for studying both plastic and 
adaptive responses to environmental change and that the reaction 
norm analytical framework facilitates interpretation of such experi-
ments. In this section, we will discuss the potential of a holistic ap-
proach, which combines genomic, phenotypic and fitness data with 
eco- evolutionary modelling of population and ecosystem dynamics, 

for predicting changes in global biodiversity in response to anthro-
pogenic change.

The interplay between ecology, evolution and genomics rep-
resents a nexus of research endeavours with tremendous potential 
to lead to paradigm shifts in long- standing hypotheses and theories 
of how organisms interact with and are adapted to their physical and 
biological environments. Notwithstanding the tremendous strides 
that have been realized in understanding the functional genomic 
basis underlying traits of potential or known ecological or evo-
lutionary importance (e.g. Barson et al., 2015; Jones et al., 2012; 
Wellenreuther & Bernatchez, 2018), there remain major research 
gaps in linking ecology, evolution and genomics across different 
scales of biological organization (Coulson et al., 2017; Kuparinen & 
Hutchings, 2017; Oomen & Hutchings, 2017). The environmental in-
fluence at every level— whether by stimuli integrated at the cellular 
level to influence downstream phenotypes, selection pressures act-
ing on phenotypes to alter the genetic makeup of subsequent gen-
erations or indirectly through ecosystem interactions— necessitates 
considering the dynamics of the system as a whole in order to under-
stand variability in its components.

While the need for a more holistic perspective on environmen-
tal responses has been realized for some time, a lack of sufficient 
data and analytical tools has, to some extent, hindered progress 
in this regard (reviewed by Pacifici et al., 2015, albeit without 
consideration for the role of genomics). Coulson et al. (2017) and 
Bay et al. (2017) made particular conceptual progress for the in-
tegration of genomics into predictive modelling of evolutionary 
responses to environmental change. Bay et al. (2017) laid out four 
components of the ‘evolutionary response architecture’: (a) popu-
lation dynamics, (b) genetic architecture, (c) the spatial distribution 
and abundance of adaptive alleles and (d) phenotypic plasticity. As 
implied by this list, understanding behavioural responses, such as 
dispersal, and other potential manifestations of plasticity, is key 
to predicting evolutionary responses. While an evolutionary per-
spective on environmental change is undoubtedly vital in the long 
term, a strategy that integrates predictions of these short- term, 
non- evolutionary responses will improve the accuracy of longer 
term predictions while providing highly practical knowledge about 
tangible outcomes for policymakers. A holistic response architec-
ture, composed of behavioural, plastic and evolutionary responses 
and their underlying, interconnected components, provides the 
best opportunity for successful wildlife management under cli-
mate change.

Genomic reaction norms have a key role to play in informing such 
models. When linked to fitness, they can inform population- specific 
plastic responses to short- term changes in climate by revealing the 
extent of local adaptation in plasticity. Reaction norms for plasticity 
enable integrating ecological processes across scales from individu-
als to populations, as demonstrated in a hierarchical Bayesian statis-
tical framework for forecasting regional- scale population dynamics 
(Lasky et al., 2020). Furthermore, genomic reaction norms inform 
evolutionary responses of mean phenotypes and their plasticities by 
identifying their underlying genomic architectures.
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Genomic trait architecture is vital to evolutionary forecasts of 
climate change responses, including adaptive trait evolution and 
extinction risks (Bay et al., 2018; Kardos & Luikart, 2021; Layton 
et al., 2021; Oomen et al., 2020; Ruegg et al., 2018). Reaction norms 
and genomic architecture can also aid in predicting range shifts, 
when combined with knowledge of the dispersal potential and con-
nectivity of populations (Lasky et al., 2020).

Identifying the genomic basis of plasticity itself (e.g. transcription 
factors, ‘hub’ genes; Costanzo et al., 2010) will also improve quanti-
tative predictions of its diversity and effects. Although metrics of 
genetic diversity (e.g. allelic richness, heterozygosity) have been 
used considerably for identifying vulnerable populations (Lande & 
Shannon, 1996; Storfer, 1996), the quantification of genetic diver-
sity in plasticity lacks similar metrics. Quantifying plasticity and its 
diversity in natural populations is logistically challenging given the 
poor feasibility of large- scale common- garden experiments for many 
organisms. Identifying genetic markers for plasticity of key traits 
would enable its characterization on broad geographic scales in di-
verse natural systems, though not without challenges surrounding 
validation. Nonetheless, establishing explicit metrics for comparing 
genetic variation in reaction norm slopes and shapes among popula-
tions and species would represent a step towards detecting general 
patterns of plasticity and ‘laws’ surrounding its occurrence.

The quantitative genetic approach of decomposing pheno-
typic variance (including for gene expression) using reaction norms 
facilitates connections between the population and ecosystem 
levels through integration with food web modelling (Barbour & 
Gibert, 2021). Changes in the relative contributions of VG, VE and VG×E 
under climate change can alter the number and magnitude of spe-
cies interactions, thereby rewiring food web structure and stability 
(Barbour et al., 2016; Gibert & DeLong, 2017). Each of these poten-
tial rewiring effects might be predictable (Barbour & Gibert, 2021). 
Climate change might decrease VG through selection, leading to 
mismatches in the phenotypic variability of interacting species and 
therefore fewer, yet stronger, species interactions. Conversely, cli-
mate change might increase VG by reducing barriers to gene flow be-
tween the populations, which is expected to produce more, weaker 
interactions. Increases in VE or VG×E are also predicted to produce 
more, weaker interactions, but at a faster pace. Decomposition of VP 
using genomic reaction norms holds great promise for testing these 
predictions and revealing the nature and pace of community-  and 
ecosystem- level effects from climate change impacts on population- 
level phenotypes.

More broadly, the integration of genomic data into predictive 
modelling of responses to climate change is a ripe field for future 
research. Beyond its academic utility, modelling demonstrates how 
abstract processes, such as local adaptation and human- mediated 
evolution, affect the food we eat, the resource- based economies 
on which we thrive and the suite of ecosystem services that nature 
provides. Thus, such models would be of direct value for wildlife 
managers and conservation authorities, but would also translate 
eco- evolutionary dynamics of complex biological systems in a chang-
ing world into tangible outcomes for the public and policymakers. 

Genomic reaction norms can contribute several pieces to this puzzle 
of prediction.

ACKNOWLEDG EMENTS
The authors thank Zachary Fuller, Maren Wellenreuther and Lesley 
Lancaster for arranging the symposium on ‘Understanding the genom-
ics of climate change response’, in which aspects of this article were 
presented and discussed. They thank the Society for Molecular Biology 
and Evolution for hosting the symposium at the 2019 annual meeting. 
The work was supported by a James S. McDonnell Foundation 21st 
Century Postdoctoral Research Fellowship to R.A.O. and funding from 
the Natural Sciences and Engineering Research Council of Canada 
(Discovery Grant to J.A.H.). Editor Lesley Lancaster, an Associate 
Editor and two anonymous reviewers provided helpful feedback that 
greatly improved the manuscript. Susanna Huneide Thorbjørnsen also 
provided helpful comments on Figure 3.

CONFLIC T OF INTERE S T
The authors have no conflict of interest to declare.

AUTHORS'  CONTRIBUTIONS
R.A.O. conceived the ideas; R.A.O. wrote the manuscript with criti-
cal input from J.A.H.; Both authors approved the original submission 
for publication. R.A.O. approved the revised submission for publica-
tion on behalf of both authors.

DATA AVAIL ABILIT Y S TATEMENT
No original data were presented in this article.

ORCID
Rebekah A. Oomen  https://orcid.org/0000-0002-2094-5592 
Jeffrey A. Hutchings  https://orcid.org/0000-0003-1572-5429 

R E FE R E N C E S
Akbarzadeh, A., Günther, O. P., Houde, A. L., Li, S., Ming, T. J., Jeffries, 

K. M., Hinch, S. G., & Miller, K. M. (2018). Developing specific mo-
lecular biomarkers for thermal stress in salmonids. BMC Genomics, 
19, 749.

Allendorf, F. W., Hohenlohe, P. A., & Luikart, G. (2010). Genomics and 
the future of conservation genetics. Nature Reviews Genetics, 11, 
697– 709.

Alvarez, M., Schrey, A. W., & Richards, C. L. (2015). Ten years of tran-
scriptomics in wild populations: What have we learned about their 
ecology and evolution? Molecular Ecology, 24, 710– 725.

Aubin- Horth, N., & Renn, S. C. P. (2009). Genomic reaction norms: Using 
integrative biology to understand molecular mechanisms of pheno-
typic plasticity. Molecular Ecology, 18, 3763– 3780.

Barbour, M. A., Fortuna, M. A., Bascompte, J., Nicholson, J. R., Julkunen- 
Tiitto, R., Jules, E. S., & Crutsinger, G. M. (2016). Genetic specificity 
of a plant- insect food web: Implications for linking genetic varia-
tion to network complexity. Proceedings of the National Academy of 
Sciences of the United States of America, 113, 2128– 2133.

Barbour, M. A., & Gibert, J. P. (2021). Genetic and plastic rewiring of 
food webs under climate change. Journal of Animal Ecology, 90, 
1814– 1830.

Barson, N. J., Aykanat, T., Hindar, K., Baranski, M., Bolstad, G. H., Fiske, P., 
Jacq, C., Jensen, A. J., Johnston, S. E., Karlsson, S., Kent, M., Moen, 

https://orcid.org/0000-0002-2094-5592
https://orcid.org/0000-0002-2094-5592
https://orcid.org/0000-0003-1572-5429
https://orcid.org/0000-0003-1572-5429


1084  |   Journal of Animal Ecology OOMEN aNd HUTCHINGS

T., Niemelä, E., Nome, T., Næsje, T. F., Orell, P., Romakkaniemi, A., 
Sægrov, H., Urdal, K., … Primmer, C. R. (2015). Sex- dependent dom-
inance at a single locus maintains variation in age at maturity in 
salmon. Nature, 528, 405– 408.

Bay, R. A., Harrigan, R. J., Le Underwood, V., Gibbs, H. L., & Smith, T. B. 
(2018). Genomic signals of selection predict climate- driven popula-
tion declines in a migratory bird. Science, 86, 83– 86.

Bay, R. A., Rose, N., Barrett, R., Bernatchez, L., Ghalambor, C. K., Lasky, 
J. R., Brem, R. B., Palumbi, S. R., & Ralph, P. (2017). Predicting re-
sponses to contemporary environmental change using evolution-
ary response architectures. The American Naturalist, 189, 463– 473.

Bernatchez, L. (2016). On the maintenance of genetic variation and ad-
aptation to environmental change: Considerations from population 
genomics in fishes. Journal of Fish Biology, 89, 2519– 2556.

Bernatchez, L., Wellenreuther, M., Araneda, C., Ashton, D. T., Barth, J. M. 
I., Beacham, T. D., Maes, G. E., Martinsohn, J. T., Miller, K. M., Naish, 
K. A., Ovenden, J. R., Primmer, C. R., Young Suk, H., Therkildsen, 
N. O., & Withler, R. E. (2017). Harnessing the power of genomics 
to secure the future of seafood. Trends in Ecology & Evolution, 32, 
665– 680.

Bradshaw, A. D. (1965). Evolutionary significance of phenotypic plas-
ticity in plants. Advances in Genetics, 13, 115– 155.

Brito- Morales, I., Molinos, J. G., Schoeman, D. S., Burrows, M. T., 
Poloczanska, E. S., Brown, C. J., Ferrier, S., Harwood, T. D., Klein, 
C. J., McDonald- Madden, E., Moore, P. J., Pandolfi, J. M., Watson, 
J. E. M., Wenger, A. S., & Richardson, A. J. (2018). Climate velocity 
can inform conservation in a warming world. Trends in Ecology & 
Evolution, 33, 441– 457.

Bulmer, M. G. (1972). The genetic variability of polygenic characters 
under optimizing selection, mutation and drift. Genetics Research, 
19, 17– 25.

Capblancq, T., Fitzpatrick, M. C., Bay, R. A., Exposito- Alonso, M., & Keller, 
S. R. (2020). Genomic prediction of (mal)adaptation across current 
and future climatic landscapes. Annual Review of Ecology, Evolution, 
and Systematics, 51, 245– 269.

Carbon, S., Ireland, A., Mungall, C. J., Shu, S. Q., Marshall, B., Lewis, S., the 
AmiGO Hub, & the Web Presence Working Group. (2009). AmiGO: 
Online access to ontology and annotation data. Bioinformatics, 25, 
288– 289.

Casasa, S., Biddle, J. F., Koutsovoulos, G. D., & Ragsdale, E. J. (2021). 
Polyphenism of a novel trait integrated rapidly evolving genes into 
ancestrally plastic networks. Molecular Biology and Evolution, 38, 
331– 343.

Casasa, S., Zattara, E. E., & Moczek, A. P. (2020). Nutrition- responsive 
gene expression and the developmental evolution of insect poly-
phenism. Nature Ecology and Evolution, 4, 970– 978.

Chen Y, Mccarthy D, Robinson M, Smyth GK (2014) edgeR: Differential 
expression analysis of digital gene expression data –  User's guide.

Chevin, L.- M., Lande, R., & Mace, G. M. (2010). Adaptation, plasticity, and 
extinction in a changing environment: Towards a predictive theory. 
PLoS Biology, 8, e1000357.

Coates, D. J., Byrne, M., & Moritz, C. (2018). Genetic diversity and con-
servation units: Dealing with the species- population continuum in 
the age of genomics. Frontiers in Ecology and Evolution, 6, 165.

Costanzo, M., Baryshnikova, A., Bellay, J., Kim, Y., Spear, E. D., Sevier, 
C. S., Ding, H., Koh, J. L. Y., Toufighi, K., Mostafavi, S., Prinz, J., St. 
Onge, R. P., VanderSluis, B., Makhnevych, T., Vizeacoumar, F. J., 
Alizadeh, S., Bahr, S., Brost, R. L., Chen, Y., … Boone, C. (2010). The 
genetic landscape of a cell. Science, 327, 425– 431.

Coulson, T., Kendall, B. E., Barthold, J., Plard, F., Schindler, S., Ozgul, 
A., & Gaillard, J. M. (2017). Modeling adaptive and nonadaptive 
responses of populations to environmental change. The American 
Naturalist, 190, 313– 336.

Crispo, E., & Chapman, L. J. (2010). Geographic variation in phenotypic 
plasticity in response to dissolved oxygen in an African cichlid fish. 
Journal of Evolutionary Biology, 23, 2091– 2103.

Croisetière, S., Bernatchez, L., & Belhumeur, P. (2010). Temperature and 
length- dependent modulation of the MH class II beta gene expres-
sion in brook charr (Salvelinus fontinalis) by a cis- acting minisatellite. 
Molecular Immunology, 47, 1817– 1829.

Crozier, L. G., & Hutchings, J. A. (2014). Plastic and evolutionary re-
sponses to climate change in fish. Evolutionary Applications, 7, 
68– 87.

Cushman, S. A. (2014). Grand challenges in evolutionary and population 
genetics: The importance of integrating epigenetics, genomics, 
modeling, and experimentation. Frontiers in Genetics, 5, 197.

Dalziel, A. C., Rogers, S. M., & Schulte, P. M. (2009). Linking genotypes to 
phenotypes and fitness: How mechanistic biology can inform mo-
lecular ecology. Molecular Ecology, 18, 4997– 5017.

de Villemereuil, P., Gaggiotti, O. E., Mouterde, M., & Till- Bottraud, I. 
(2016). Common garden experiments in the genomic era: New per-
spectives and opportunities. Heredity, 116, 249– 254.

Des Roches, S., Post, D. M., Turley, N. E., Bailey, J. K., Hendry, A. P., 
Kinnison, M. T., Schweitzer, J. A., & Palkovacs, E. P. (2018). The 
ecological importance of intraspecific variation. Nature Ecology & 
Evolution, 2, 57– 64.

Dey, K. K., Hsiao, C. J., & Stephens, M. (2017). Visualizing the structure of 
RNA- seq expression data using grade of membership models. PLoS 
Genetics, 13, 1– 23.

Engström, P. G., Steijger, T., Sipos, B., Grant, G. R., Kahles, A., The RGASP 
Consortium, Rätsch, G., Goldman, N., Hubbard, T. J., Harrow, J., 
Guigó, R., & Bertone, P. (2013). Systematic evaluation of spliced 
alignment programs for RNA- seq data. Nature Methods, 10, 
1185– 1193.

Evans, T. G., & Hofmann, G. E. (2012). Defining the limits of physiological 
plasticity: How gene expression can assess and predict the con-
sequences of ocean change. Philosophical transactions of the Royal 
Society of London. Series B, Biological sciences, 367, 1733– 1745.

Fang, Z., & Cui, X. (2011). Design and validation issues in RNA- seq exper-
iments. Briefings in Bioinformatics, 12, 280– 287.

Felsenstein, J. (1976). The theoretical population genetics of variable se-
lection and migration. Annual Review of Genetics, 10, 253– 280.

Fraser, D. J., & Bernatchez, L. (2001). Adaptive evolutionary conserva-
tion: Towards a unified concept for defining conservation units. 
Molecular Ecology, 10, 2741– 2752.

Fuentes- Pardo, A. P., & Ruzzante, D. E. (2017). Whole- genome sequenc-
ing approaches for conservation biology: Advantages, limitations 
and practical recommendations. Molecular Ecology, 26, 5369– 5406.

Gibert, J. P., & DeLong, J. P. (2017). Phenotypic variation explains food 
web structural patterns. Proceedings of the National Academy of 
Sciences of the United States of America, 114, 11187– 11192.

Grether, G. F. (2005). Environmental change, phenotypic plasticity, and 
genetic compensation. The American Naturalist, 166, E115– E123.

Hansen, K. D., Wu, Z., Irizarry, R. A., & Leek, J. T. (2012). Sequencing 
technology does not eliminate biological variability. Nature 
Biotechnology, 29, 572– 573.

Hansen, M. M. (2010). Expression of interest: Transcriptomics and the 
designation of conservation units. Molecular Ecology, 19, 1757– 1759.

Hansen, M. M., Olivieri, I., Waller, D. M., & Nielsen, E. E. (2012). 
Monitoring adaptive genetic responses to environmental change. 
Molecular Ecology, 21, 1311– 1329.

Harder, A. M., Willoughby, J. R., Ardren, W. R., & Christie, M. R. (2020). 
Among- family variation in survival and gene expression uncovers 
adaptive genetic variation in a threatened fish. Molecular Ecology, 
29, 1035– 1049.

Harrison, X. A., Donaldson, L., Correa- Cano, M. E., Evans, J., Fisher, D. N., 
Goodwin, C. E. D., Robinson, B. S., Hodgson, D. J., & Inger, R. (2018). 
A brief introduction to mixed effects modelling and multi- model 
inference in ecology. PeerJ, 6, e4794.

Hoffman, G. E., & Schadt, E. E. (2016). variancePartition: Interpreting 
drivers of variation in complex gene expression studies. BMC 
Bioinformatics, 17, 483.



    |  1085Journal of Animal EcologyOOMEN aNd HUTCHINGS

Hoffmann, A., Griffin, P., Dillon, S., Catullo, R., Rane, R., Byrne, M., Jordan, 
R., Oakeshott, J., Weeks, A., Joseph, L., Lockhart, P., Borevitz, J., 
& Sgrò, C. (2015). A framework for incorporating evolutionary ge-
nomics into biodiversity conservation and management. Climate 
Change Responses, 2, 1.

Hoffmann, A. A., & Sgrò, C. M. (2011). Climate change and evolutionary 
adaptation. Nature, 470, 479– 485.

Huang, W., Carbone, M. A., Lyman, R. F., Anholt, R. R. H., & Mackay, T. F. 
C. (2020). Genotype by environment interaction for gene expres-
sion in Drosophila melanogaster. Nature Communications, 11, 5451.

Hutchings, J. A. (2011). Old wine in new bottles: Reaction norms in sal-
monid fishes. Heredity, 106, 421– 437.

IPBES. (2019). Summary for policymakers of the global assessment report on 
biodiversity and ecosystem services of the Intergovernmental Science- 
Policy Platform on Biodiversity and Ecosystem Services (S. Díaz, J. 
Settele, E. Brondízio, H. T. Ngo, M. Guèze, J. Agard, A. Arneth, 
P. Balvanera, K. A. Brauman, S. H. M. Butchart, K. M. A. Chan, L. 
A. Garibaldi, K. Ichii, J. Liu, S. M. Subramanian, G. F. Midgley, P. 
Miloslavich, Z. Molnár, … C. N. Zayas [Eds.], pp. 1– 1148). IPBES 
Secretariat.

IPCC. (2018). Summary for policymakers. In V. Masson- Delmotte, P. 
Zhai, H.- O. Pörtner, D. Roberts, J. Skea, P. R. Shukla, A. Pirani, 
W. Moufouma- Okia, C. Péan, R. Pidcock, S. Connors, J. B. R. 
Matthews, Y. Chen, X. Zhou, M. I. Gomis, E. Lonnoy, T. Maycock, 
M. Tignor, & T. Waterfield (Eds.), Global warming of 1.5°C. An IPCC 
Special Report on the impacts of global warming of 1.5°C above pre- 
industrial levels and related global greenhouse gas emission pathways, 
in the context of strengthening the global response to the threat of 
climate change (pp. 1– 32). World Meteorological Organization.

IPCC. (2019). IPCC special report on the ocean and cryosphere in a chang-
ing climate (H.- O. Pörtner, D. C. Roberts, V. Masson- Delmotte, 
P. Zhai, M. Tignor, E. Poloczanska, K. Mintenbeck, A. Alegría, M. 
Nicolai, A. Okem, J. Petzold, B. Rama, & N. M. Weyer [Eds.]). World 
Meteorological Association.

Jones, F. C., Grabherr, M. G., Chan, Y. F., Russell, P., Mauceli, E., Johnson, 
J., Swofford, R., Pirun, M., Zody, M. C., White, S., Birney, E., Searle, 
S., Schmutz, J., Grimwood, J., Dickson, M. C., Myers, R. M., Miller, 
C. T., Summers, B. R., Knecht, A. K., … Kingsley, D. M. (2012). The 
genomic basis of adaptive evolution in threespine sticklebacks. 
Nature, 484, 55– 61.

Kardos, M., & Luikart, G. (2021). The genetic architecture of fitness 
drives population viability during rapid environmental change. The 
American Naturalist, 197, 511– 525.

Khansefid, M., Pryce, J. E., Bolormaa, S., Chen, Y., Millen, C. A., 
Chamberlain, A. J., Vander Jagt, C. J., & Goddard, M. E. (2018). 
Comparing allele specific expression and local expression quantita-
tive trait loci and the influence of gene expression on complex trait 
variation in cattle. BMC Genomics, 19, 1– 18.

Kuparinen, A., & Hutchings, J. A. (2017). Genetic architecture of age at 
maturity can generate divergent and disruptive harvest- induced 
evolution. Philosophical Transactions of the Royal Society of London 
–  Series B: Biological Sciences, 372, 20160035.

Lafuente, E., & Beldade, P. (2019). Genomics of developmental plasticity 
in animals. Frontiers in Genetics, 10, 720.

Lancaster, L. T., Dudaniec, R. Y., Chauhan, P., Wellenreuther, M., 
Svensson, E. I., & Hansson, B. (2016). Gene expression under ther-
mal stress varies across a geographical range expansion front. 
Molecular Ecology, 25, 1141– 1156.

Lande, R. (1988). Genetics and demography in biological conservation. 
Science, 241, 1455– 1460.

Lande, R. (1993). Risks of population extinction from demographic 
and environmental stochasticity and random catastrophes. The 
American Naturalist, 142, 911– 927.

Lande, R. (2009). Adaptation to an extraordinary environment by evo-
lution of phenotypic plasticity and genetic assimilation. Journal of 
Evolutionary Biology, 22, 1435– 1446.

Lande, R., & Shannon, S. (1996). The role of genetic variation in adap-
tation and population persistence in a changing environment. 
Evolution, 50, 434– 437.

Langfelder, P., & Horvath, S. (2008). WGCNA: An R package for weighted 
correlation network analysis. BMC Bioinformatics, 9, 559.

Lasky, J. R., Hooten, M. B., & Adler, P. B. (2020). What processes must 
we understand to forecast regional- scale population dynamics? 
Proceedings of the Royal Society B: Biological Sciences, 287, 20202219.

Law, C. W., Alhamdoosh, M., Su, S., Smyth, G. K., & Ritchie, M. E. (2016). 
RNA- seq analysis is easy as 1- 2- 3 with limma, Glimma and edgeR. 
F1000Research, 5, 1408.

Layton, K. K. S., Snelgrove, P. V. R., Dempson, J. B., Kess, T., Lehnert, S. J., 
Bentzen, P., Duffy, S. J., Messmer, A. M., Stanley, R. R. E., DiBacco, 
C., Salisbury, S. J., Ruzzante, D. E., Nugent, C. M., Ferguson, M. M., 
Leong, J. S., Koop, B. F., & Bradbury, I. R. (2021). Genomic evidence 
of past and future climate- linked loss in a migratory Arctic fish. 
Nature Climate Change, 11, 158– 165.

Leek, J. T., Scharpf, R. B., Bravo, H. C., Simcha, D., Langmead, B., Johnson, 
W. E., Geman, D., Baggerly, K., & Irizarry, R. A. (2010). Tackling the 
widespread and critical impact of batch effects in high- throughput 
data. Nature Reviews Genetics, 11, 733– 739.

Leigh, D. M., Lischer, H. E. L., Grossen, C., & Keller, L. F. (2018). Batch ef-
fects in a multiyear sequencing study: False biological trends due to 
changes in read lengths. Molecular Ecology Resources, 18, 778– 788.

Lenormand, T. (2002). Gene flow and the limits to natural selection. 
Trends in Ecology & Evolution, 17, 183– 189.

Lopez- Maestre, H., Brinza, L., Marchet, C., Kielbassa, J., Bastien, S., 
Boutigny, M., Monnin, D., Filali, A. E., Carareto, C. M., Vieira, C., 
Picard, F., Kremer, N., Vavre, F., Sagot, M. F., & Lacroix, V. (2016). 
SNP calling from RNA- seq data without a reference genome: 
Identification, quantification, differential analysis and impact on 
the protein sequence. Nucleic Acids Research, 44, e148.

Love, M. I., Huber, W., & Anders, S. (2014). Moderated estimation of fold 
change and dispersion for RNA- seq data with DESeq2. Genome 
Biology, 15, 1– 21.

Lowe, W. H., Kovach, R. P., & Allendorf, F. W. (2017). Population genetics 
and demography unite ecology and evolution. Trends in Ecology & 
Evolution, 32, 141– 152.

Lürig, M. D., Donoughe, S., Svensson, E. I., Porto, A., & Tsuboi, M. (2021). 
Computer vision, machine learning, and the promise of phenom-
ics in ecology and evolutionary biology. Frontiers in Ecology and 
Evolution, 9, 642774.

Majewski, J., & Pastinen, T. (2011). The study of eQTL variations by RNA- 
seq: From SNPs to phenotypes. Trends in Genetics, 27, 72– 79.

Mason, D. S., & Lashley, M. A. (2021). Spatial scale in prescribed fire re-
gimes: An understudied aspect in conservation with examples from 
the southeastern United States. Fire Ecology, 17, 3.

Meier, K., Hansen, M. M., Normandeau, E., Mensberg, K. L. D., Frydenberg, 
J., Larsen, P. F., Bekkevold, D., & Bernatchez, L. (2014). Local ad-
aptation at the transcriptome level in brown trout: Evidence from 
early life history temperature genomic reaction norms. PLoS ONE, 
9, e85171.

Mérot, C., Oomen, R. A., Tigano, A., & Wellenreuther, M. (2020). A road-
map for understanding the evolutionary significance of structural 
genomic variation. Trends in Ecology & Evolution, 35, 561– 572.

Mi, H., Muruganujan, A., Ebert, D., Huang, X., & Thomas, P. D. (2019). 
PANTHER version 14: More genomes, a new PANTHER GO- slim 
and improvements in enrichment analysis tools. Nucleic Acids 
Research, 47, D419– D426.

Morris, M. R. J., Richard, R., Leder, E. H., Barrett, R. D. H., Aubin- Horth, 
N., & Rogers, S. M. (2014). Gene expression plasticity evolves in 
response to colonization of freshwater lakes in threespine stickle-
back. Molecular Ecology, 23, 3226– 3240.

Murren, C. J., Maclean, H. J., Diamond, S. E., Steiner, U. K., Heskel, M. 
A., Handelsman, C. A., Ghalambor, C. K., Auld, J. R., Callahan, H. 
S., Pfennig, D. W., Relyea, R. A., Schlichting, C. D., & Kingsolver, 



1086  |   Journal of Animal Ecology OOMEN aNd HUTCHINGS

J. (2014). Evolutionary change in continuous reaction norms. The 
American Naturalist, 183, 453– 467.

Norman, J. D., Ferguson, M. M., & Danzmann, R. G. (2014). An integrated 
transcriptomic and comparative genomic analysis of differential 
gene expression in Arctic charr (Salvelinus alpinus) following sea-
water exposure. Journal of Experimental Biology, 217, 4029– 4042.

Nosil, P., Funk, D. J., & Ortiz- Barrientos, D. (2009). Divergent selection 
and heterogeneous genomic divergence. Molecular Ecology, 18, 
375– 402.

Nussey, D. H., Postma, E., Gienapp, P., & Visser, M. E. (2005). Selection 
on heritable phenotypic plasticity in a wild bird population. Science, 
310, 304– 306.

Oomen, R. A., & Hutchings, J. A. (2015). Genetic variability in reaction 
norms in fishes. Environmental Reviews, 23, 353– 366.

Oomen, R. A., & Hutchings, J. A. (2017). Transcriptomic responses to 
environmental change in fishes: Insights from RNA sequencing. 
FACETS, 2, 610– 641.

Oomen, R. A., & Hutchings, J. A. (2020). Evolution of reaction norms. 
In Oxford bibliographies in evolutionary biology (pp. 1– 23). Oxford 
University Press.

Oomen, R. A., Kuparinen, A., & Hutchings, J. A. (2020). Consequences 
of single- locus and tightly linked genomic architectures for evolu-
tionary responses to environmental change. The Journal of Heredity, 
111, 319– 332.

Oppel, S., Bolton, M., Carneiro, A. P. B., Dias, M. P., Green, J. A., Masello, 
J. F., Phillips, R. A., Owen, E., Quillfeldt, P., Beard, A., Bertrand, S., 
Blackburn, J., Boersma, P. D., Borges, A., Broderick, A. C., Catry, P., 
Cleasby, I., Clingham, E., Creuwels, J., … Croxall, J. (2018). Spatial 
scales of marine conservation management for breeding seabirds. 
Marine Policy, 98, 37– 46.

Orsini, L., Brown, J. B., Shams Solari, O., Li, D., He, S., Podicheti, R., Stoiber, 
M. H., Spanier, K. I., Gilbert, D., Jansen, M., Rusch, D. B., Pfrender, 
M. E., Colbourne, J. K., Frilander, M. J., Kvist, J., Decaestecker, E., 
de Schamphelaere, K. A. C., & de Meester, L. (2018). Early tran-
scriptional response pathways in Daphnia magna are coordinated 
in networks of crustacean- specific genes. Molecular Ecology, 27, 
886– 897.

Ozsolak, F., & Milos, P. M. (2011). RNA sequencing: Advances, challenges 
and opportunities. Nature Reviews Genetics, 12, 87– 98.

Pacifici, M., Foden, W. B., Visconti, P., Watson, J. E. M., Butchart, S. H. M., 
Kovacs, K. M., Scheffers, B. R., Hole, D. G., Martin, T. G., Akçakaya, 
H. R., Corlett, R. T., Huntley, B., Bickford, D., Carr, J. A., Hoffmann, 
A. A., Midgley, G. F., Pearce- Kelly, P., Pearson, R. G., Williams, S. E., 
… Rondinini, C. (2015). Assessing species vulnerability to climate 
change. Nature Climate Change, 5, 215– 225.

Piskol, R., Ramaswami, G., & Li, J. B. (2013). Reliable identification of 
genomic variants from RNA- seq data. American Journal of Human 
Genetics, 93, 641– 651.

Pörtner, H. O., Bennett, A. F., Bozinovic, F., Clarke, A., Lardies, M. A., 
Lucassen, M., Pelster, B., Schiemer, F., & Stillman, J. H. (2006). 
Trade- offs in thermal adaptation: The need for a molecular to 
ecological integration. Physiological and Biochemical Zoology, 79, 
295– 313.

Price, S. J., Marks, D. R., Howe, R. W., Hanowski, J. A. M., & Niemi, G. J. 
(2004). The importance of spatial scale for conservation and as-
sessment of anuran populations in coastal wetlands of the western 
Great Lakes, USA. Landscape Ecology, 20, 441– 454.

Pritchard, J. K., Stephens, M., & Donnelly, P. (2000). Inference of pop-
ulation structure using multilocus genotype data. Genetics, 155, 
945– 959.

Richardson, J. L., Urban, M. C., Bolnick, D. I., & Skelly, D. K. (2014). 
Microgeographic adaptation and the spatial scale of evolution. 
Trends in Ecology & Evolution, 29, 165– 176.

Ritchie, M. E., Phipson, B., Wu, D., Hu, Y., Law, C. W., Shi, W., & Smyth, 
G. K. (2015). Limma powers differential expression analyses for 

RNA- sequencing and microarray studies. Nucleic Acids Research, 
43, e47.

Rivera, H. E., Aichelman, H. E., Fifer, J. E., Kriefall, N. G., Wuitchik, D. 
M., Wuitchik, S. J. S., & Davies, S. W. (2021). A framework for un-
derstanding gene expression plasticity and its influence on stress 
tolerance. Molecular Ecology, 30, 1381– 1397.

Rose, N. H., Seneca, F. O., & Palumbi, S. R. (2016). Gene networks in the 
wild: Identifying transcriptional modules that mediate coral resis-
tance to experimental heat stress. Genome Biology and Evolution, 
8, 243– 252.

Ruegg, K., Bay, R. A., Anderson, E. C., Saracco, J. F., Harrigan, R. J., 
Whitfield, M., Paxton, E. H., & Smith, T. B. (2018). Ecological ge-
nomics predicts climate vulnerability in an endangered southwest-
ern songbird. Ecology Letters, 21, 1085– 1096.

Ryder, O. A. (1986). Species conservation and systematics: The dilemma 
of subspecies. Trends in Ecology & Evolution, 1, 9– 10.

Satokangas, I., Martin, S. H., Helanterä, H., Saramäki, J., & Kulmuni, J. 
(2020). Multi- locus interactions and the build- up of reproductive 
isolation. Philosophical Transactions of the Royal Society B: Biological 
Sciences, 375, 20190543.

Schulte, P. M. (2015). The effects of temperature on aerobic metabolism: 
Towards a mechanistic understanding of the responses of ecto-
therms to a changing environment. Journal of Experimental Biology, 
218, 1856– 1866.

Schulte, P. M., Healy, T. M., & Fangue, N. A. (2011). Thermal performance 
curves, phenotypic plasticity, and the time scales of temperature 
exposure. Integrative and Comparative Biology, 51, 691– 702.

Sendler, E., Johnson, G. D., & Krawetz, S. A. (2011). Local and global fac-
tors affecting RNA sequencing analysis. Analytical Biochemistry, 
419, 317– 322.

Shama, L. N. S., Mark, F. C., Strobel, A., Lokmer, A., John, U., & Mathias 
Wegner, K. (2016). Transgenerational effects persist down the ma-
ternal line in marine sticklebacks: Gene expression matches physi-
ology in a warming ocean. Evolutionary Applications, 9, 1096– 1111.

Smith, S., Bernatchez, L., & Beheregaray, L. B. (2013). RNA- seq analysis 
reveals extensive transcriptional plasticity to temperature stress in 
a freshwater fish species. BMC Genomics, 14, 375.

Stanford, B. C. M., & Rogers, S. M. (2018). R(NA)- tistic expression: The 
art of matching unknown mRNA and proteins to environmental re-
sponse in ecological genomics. Molecular Ecology, 27, 827– 830.

Stearns, S. C. (1989). The evolutionary significance of phenotypic plas-
ticity. Bioscience, 39, 436– 445.

Storfer, A. (1996). Quantitative genetics: A promising approach for the 
assessment of genetic variation in endangered species. Trends in 
Ecology & Evolution, 11, 343– 348.

Sultan, S. E. (2017). Developmental plasticity: Re- conceiving the geno-
type. Interface Focus, 7, 20170009.

Swaegers, J., Spanier, K. I., & Stoks, R. (2020). Genetic compensation 
rather than genetic assimilation drives the evolution of plasticity in 
response to mild warming across latitudes in a damselfly. Molecular 
Ecology, 29, 4823– 4834.

Tigano, A., & Friesen, V. L. (2016). Genomics of local adaptation with 
gene flow. Molecular Ecology, 25, 2144– 2164.

Todd, E. V., Black, M. A., & Gemmell, N. J. (2016). The power and prom-
ise of RNA- seq in ecology and evolution. Molecular Ecology, 25, 
1224– 1241.

United Nations Summit on Biodiversity. (2020). Urgent action on biodi-
versity for sustainable development. Retrieved from https://www.
un.org/pga/75/unite d- natio ns- summi t- on- biodi versi ty/

van de Pol, M. (2012). Quantifying individual variation in reaction norms: 
How study design affects the accuracy, precision and power of 
random regression models. Methods in Ecology and Evolution, 3, 
268– 280.

van der Maaten, L. (2014). Accelerating t- SNE using tree- based algo-
rithms. Journal of Machine Learning Research, 15, 3221– 3245.

https://www.un.org/pga/75/united-nations-summit-on-biodiversity/
https://www.un.org/pga/75/united-nations-summit-on-biodiversity/


    |  1087Journal of Animal EcologyOOMEN aNd HUTCHINGS

van der Maaten, L., & Hinton, G. (2008). Visualizing data using t- SNE. 
Journal of Machine Learning Research, 9, 2579– 2605.

Vandersteen Tymchuk, W., O'Reilly, P., Bittman, J., MacDonald, D., & 
Schulte, P. (2010). Conservation genomics of Atlantic salmon: 
Variation in gene expression between and within regions of the Bay 
of Fundy. Molecular Ecology, 19, 1842– 1859.

Veilleux, H. D., Ryu, T., Donelson, J. M., van Herwerden, L., Seridi, L., 
Ghosheh, Y., Berumen, M. L., Leggat, W., Ravasi, T., & Munday, P. L. 
(2015). Molecular processes of transgenerational acclimation to a 
warming ocean. Nature Climate Change, 5, 1074– 1078.

Verta, J.- P., & Jacobs, A. (2022). The role of alternative splicing in ad-
aptation and evolution. Trends in Ecology & Evolution, 37, 299– 308.

Vigne, P., Gimond, C., Ferrari, C., Vielle, A., Hallin, J., Pino- Querido, A., 
el Mouridi, S., Mignerot, L., Frøkjær- Jensen, C., Boulin, T., Teotónio, 
H., & Braendle, C. (2021). A single- nucleotide change underlies the 
genetic assimilation of a plastic trait. Science Advances, 7, 1– 13.

Waldvogel, A.- M., Feldmeyer, B., Rolshausen, G., Exposito- Alonso, M., 
Rellstab, C., Kofler, R., Mock, T., Schmid, K., Schmitt, I., Bataillon, T., 
Savolainen, O., Bergland, A., Flatt, T., Guillaume, F., & Pfenninger, 
M. (2020). Evolutionary genomics can improve prediction of spe-
cies' responses to climate change. Evolution Letters, 4, 4– 18.

Wang, Z., Gerstein, M., & Snyder, M. (2009). RNA- seq: A revolutionary 
tool for transcriptomics. Nature Reviews Genetics, 10, 57– 63.

Waples, R. S., & Lindley, S. T. (2018). Genomics and conservation units: 
The genetic basis of adult migration timing in Pacific salmonids. 
Evolutionary Applications, 11, 1518– 1526.

Wellband, K. W., & Heath, D. D. (2017). Plasticity in gene transcription 
explains the differential performance of two invasive fish species. 
Evolutionary Applications, 10, 563– 576.

Wellenreuther, M., & Bernatchez, L. (2018). Eco- evolutionary genom-
ics of chromosomal inversions. Trends in Ecology & Evolution, 33, 
427– 440.

West- Eberhard, M. J. (2003). Developmental plasticity and evolution. 
Oxford University Press.

Williams SE, Shoo LP, Isaac JL, Hoffmann AA, Langham G (2008) Towards 
an integrated framework for assessing the vulnerability of species 
to climate change. PLoS Biology, 6, e325, 2621, 2626.

Woltereck, R. (1909). Weiterer experimentelle untersuchungen uber 
artveranderung, speziell uber das wessen quantitativer artunter-
schiede bei daphniden. Verhandlungen der Deutschen Zoologischen 
Gesellschaft, 19, 110– 172.

Wright, S. (1931). Evolution in Mendelian populations. Genetics, 16, 
97– 159.

How to cite this article: Oomen, R. A., & Hutchings, J. A. 
(2022). Genomic reaction norms inform predictions of plastic 
and adaptive responses to climate change. Journal of Animal 
Ecology, 91, 1073–1087. https://doi.org/10.1111/1365-
2656.13707

https://doi.org/10.1111/1365-2656.13707
https://doi.org/10.1111/1365-2656.13707

	Genomic reaction norms inform predictions of plastic and adaptive responses to climate change
	Abstract
	1|INTRODUCTION
	1.1|Responses to environmental change often vary geographically and have a genetic basis
	1.2|Genomic reaction norms can link genotype, phenotype and demography

	2|GENE FLOW AND GENETIC ARCHITECTURE AFFECT THE SPATIAL AND TEMPORAL SCALE OF VARIATION IN CLIMATE RESPONSES
	2.1|Adaptation can find a way in the face of gene flow
	2.2|The genomic basis of adaptation informs eco-evolutionary responses
	2.3|The spatial scale of adaptation affects the efficacy of management strategies
	2.4|The genetic architecture and spatial scale of adaptation interact

	3|GENOMIC REACTION NORMS FROM COMMON-GARDEN-GRADIENT EXPERIMENTS CAN HELP IDENTIFY THE GENETIC BASIS AND SPATIAL SCALE OF VARIABLE RESPONSES TO ENVIRONMENTAL CHANGE
	3.1|Common-garden-gradient experiments inform plastic and evolutionary responses
	3.2|Reaction norms can be constructed for genes and genomes

	4|EXPERIMENTAL AND ANALYTICAL FRAMEWORK FOR GENOMIC REACTION NORMS
	4.1|Common-garden experimental design
	4.2|An—analytical framework for high-dimensional genomic reaction norms
	4.3|Adding spatial and genomic-architectural complexity to the genomic reaction norm framework
	4.4|Functional interpretation of genomic reaction norm variation

	5|GENOMIC REACTION NORMS CONTRIBUTE TO A HOLISTIC FRAMEWORK FOR FORECASTING CLIMATE CHANGE RESPONSES
	ACKNOWLEDGEMENTS
	CONFLICT OF INTEREST
	AUTHORS' CONTRIBUTIONS
	DATA AVAILABILITY STATEMENT

	REFERENCES


