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Abstract
Phenotypic traits influence species distributions, but ecology lacks established links between multidimensional phenotypes and fitness for predicting species responses to environmental change. The common focus on single traits rather than multiple trait combinations limits our understanding of their adaptive value, and intraspecific trait covariation has been neglected in ecology despite its importance in evolutionary theory and its likely impact on species distributions. Here, we extend the adaptive landscape framework to ecological sorting of multidimensional phenotypes across environments and discuss how two analytical approaches can be used to quantify fitness as a function of the interaction between the phenotype and the environment. We encourage ecologists to consider how phenotypic integration will constrain species responses to environmental change.
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Glossary
Adaptive landscape: a framework in evolutionary biology for mapping fitness onto multivariate trait or gene combinations to understand how a phenotype evolves under selection.
Dynamic adaptive landscape: an ecological framework proposed here for quantifying how the shape of the adaptive landscape changes across environmental gradients. Its explicit handling of intraspecific covariation aids our understanding of how complex phenotypes are sorted along the gradients.
Environmental gradient: continuous variation in the level of resources (e.g. light) or conditions (e.g. temperature).
Intraspecific trait covariation: unstandardized correlation structure of traits among individuals within a population.
pmax: the direction of maximum phenotypic trait covariance, directly analogous to gmax in quantitative genetics.
Phenotypic integration: the pattern of functional, developmental, and/or genetic correlation among traits in a given organism.
Trait space: mathematical representation of all possible or observed combinations of trait values.


Traits and fitness in ecology
A major current challenge for population and community ecologists is to produce accurate forecasts of species and community-level responses to global change [1, 2]. Phenotypic traits have recently been heralded as the key to making generalizable predictions of community dynamics [3-6] and have achieved some success at predicting community composition [7, 8]. However, the rapidly growing field of trait-based ecology has emphasised the indirect link between traits and community dynamics without adequately resolving the important direct links between traits and fitness, which underpin the population dynamics that drive changes in community composition (Figure 1). Indeed, the integration of the fitness concept into species distribution models has only just begun [9-12] and clear empirical links between functional traits and fitness components are still rare [13, 14].  
Population and species-level fitness differences are determined by differential rates of growth, survival, and reproduction (Figure 1) [15, 16], which ultimately lead to community dynamics on contemporary timescales and species sorting over environmental gradients [17, 18]. Quantifying the adaptive value of traits has been at the core of evolutionary biology for decades [15, 19, 20] and the multidimensional nature of phenotypic adaptation has been a central component of this theory [21, 22]. The overall aim of this review is to ground trait-based ecology in the foundational concept of fitness to improve predictions of species responses to the environment and to resolve the relationships between traits and fitness. This review is timely because the quantitative links between multidimensional phenotypes and fitness along many environmental gradients of importance to plants, animals, and microbes are still tenuous.
In this review we (i) discuss the importance of the multidimensional phenotype and intraspecific trait covariation, (ii) introduce the ‘dynamic adaptive landscape’ and (iii) discuss two empirical approaches to quantitatively link traits to fitness components. The dynamic adaptive landscape is an extension of the adaptive landscape framework in evolutionary theory to ecological sorting on the multivariate phenotype on an ecological scale. This framework provides a conceptual and analytical bridge between ecology and evolution and has strong potential to improve trait-based predictions of species responses because it explicitly considers how phenotypic integration and intraspecific trait covariation can constrain organism fitness along environmental gradients. We illustrate the tangible benefits of this new approach with a trait-based model to demonstrate how intraspecific trait covariance can constrain species distributions depending on how the phenotype maps onto the dynamic adaptive landscape.

The multidimensional phenotype and intraspecific trait covariation 
Average trait values among species provide valuable information about where species are most likely to successfully grow, survive, and reproduce [23, 24]. Mean trait values are useful for many applications in ecology, but have inherent limitations for others. For example, when traits are used to quantify the niche of a species [25, 26], comparisons of simple vectors of mean trait values among species do not provide any information about niche breadth nor on how much niche overlap occurs among co-existing species [27-30]. This can be problematic because niche overlap is at the core of our understanding of species interactions, coexistence, community assembly, and species sorting [27, 31-34].
Recently revived interest in intraspecific trait variation has greatly complemented our understanding of average functional differences among species [28, 35-38]. The location (mean) of species in trait space (see Glossary) is arguably a critical moment in the trait distribution, but trait variation is also important because it affects both how a species responds to immediate changes to environmental conditions [39] as well as its evolutionary trajectory over time [40]. Two species with identical mean trait values will occupy different regions of a two-dimensional trait space if their trait variances differ (compare blue and orange species in Figure 2a). If species differ in their trait variances, this can indicate that one species has a greater diversity of genotypes or a stronger plastic response to the environment, and if the trait under study impacts the fitness of this species, then both genetic diversity and environmental plasticity will impact its potential distribution along an environmental gradient [41]. While trait means and variances are clearly important, we argue that these two ingredients alone are insufficient to quantify functional differences among species and cannot inform their dynamic evolutionary or ecological responses over time or across environmental gradients.
The third necessary ingredient is intraspecific trait covariation. Inter-specific trait covariation has underpinned the quantification of trait spectrums that reflect trade-offs among functions and strategy dimensions [42-45]. However, intra-specific trait covariation has received little attention despite its fundamental importance in determining fitness differences among species [46-49]. Individuals belonging to two species that have identical trait means and variances, but have opposite covariance, might occupy different regions of trait space (compare the green and red species in Figure 2a). Understanding intraspecific trait covariance is therefore just as important as estimating trait means and variances to describe the shape and space occupied by species within the available trait space [25]. Performance and fitness are best quantified by multiple integrated phenotypic traits [4, 50-52] because adaptation is a multivariate process [22] (Figure 1). While this has long been acknowledged by ecologists [53-56], it has not yet become an inherent part of the community ecologist’s toolbox in the same way it that it has pervaded the toolbox of the evolutionary biologist [20, 21]. Quantitative genetics has developed tools to study trait covariance within species because it can influence directional selection and hence the evolutionary trajectory of a species [15, 20, 22, 40, 57]. For example, the multivariate breeder’s equation predicts how population trait means will change over generations according to the heritability of the traits and the relationships between traits and fitness. A similar emphasis on intraspecific covariance is necessary for ecology to make accurate predictions of species responses to environmental change because environmental filtering is inherently a multivariate process.
The whole-organism phenotype is an integrated expression of multiple traits that are jointly influenced by developmental, genetic and environmental effects [58, 59]. Matrices of average functional traits among species are analogous to the interspecific genetic variance-covariance matrix (L) versus the intraspecific genetic variance-covariance matrix (G) in evolutionary biology [21, 58]. The ensemble of the L and G matrix, or their individual elements, do not necessarily need to be positively correlated because the forces shaping the genotypes among species can be different from those at play within species (Figure 2b) [60]. Generally, significant differences between interspecific and intraspecific genetic covariances (L and G, respectively) indicate the action of natural selection [58]. L and G are more likely to be similar if species have diverged solely by genetic drift [57, 61]. If we assume that interspecific trait covariance matrices (Q) and intraspecific phenotypic trait covariance matrices (P) are determined mostly by genes and less by the environment, which is a common simplifying assumption in these studies [58], then the same conclusions can be made about Q and P. Surprisingly few studies have actually compared the orientations of among- and within -species trait covariance matrices (Figure 2b) or the P matrices of different populations [62]. Most of these suggest that Q and P covariance matrices are similar in shape [58]. Many of these studies focused on a narrow range of phenotypic traits among and within species (Q and P, respectively) and were mostly size-related traits such as floral traits [63], beak dimensions [62], or cranial traits [64]. It is thus not surprising to find conserved allometry, since we might expect, for example, that flowers would maintain their proportionality to attract the right pollinators. Much less is known about how P and Q compare for non-allometric functional traits and for traits from different organs.
Recent work has shown that functional trait correlation patterns across species are not always found within species. For example, the leaf economics spectrum in plants represents a worldwide fundamental trade-off between rate of resource acquisition and leaf life span among species [43]. Species with rapid carbon assimilation rates at the leaf level tend to also have faster relative growth rates at the whole-organism level [65]. However, using a common garden experiment, it was shown that genotypes of cottonwood (Populus tremuloides) with more conservative leaf traits (i.e. longer leaf life spans and slower gas exchange rates) than other genotypes have faster whole-plant relative growth rates, driven by larger leaf area-to-sapwood area ratios [66]. This within-species relationship between leaf economics traits and relative growth rates is opposite to the pattern expected from the among-species pattern [65]. This indicates that we cannot always assume that P and Q covariance matrices are positively correlated (Figure 2b), as a third trait varying within species, such as leaf area-to-sapwood area ratio, can alter the relationship observed among species.
Empirical studies suggest that intraspecific patterns in trait covariation can also differ among species and from the global interspecific trends, as different mechanisms act at these vastly different scales. For example, mass-based leaf nitrogen concentration was not correlated with leaf mass per area within either Quercus ilex [48] or Pinus sylvestris [47], suggesting that individuals within species are not as linked in the expression of their physical and chemical leaf traits as detected in the strong worldwide interspecific correlation [43]. Population and species-level trait covariance structures have also been shown to differ in green finches [62]. A meta-analysis reported that differences in genetic covariance orientations occur in 25% of species comparisons [21]. These empirical studies illustrate that clarifying intraspecific trait covariance structure both within [48] and among organs [46, 49] is necessary to understand the adaptive value of trait combinations in different environments for predicting species responses to changing environmental conditions [48, 66].

Dynamic adaptive landscapes
Multiple phenotypic traits determine fitness and form the coordinates of adaptive landscapes in evolutionary theory [21, 57, 58]. This classic adaptive landscape framework examines the adaptive value of traits in a constant environment. For many ecological applications, in order to link traits to fitness we need to consider how adaptive landscapes change across environmental gradients [19]. Since the adaptive value of traits depends on the environmental context, adaptive landscapes are themselves dynamic and the location of fitness peaks change along environmental gradients.
We propose a ‘dynamic adaptive landscape’ framework for ecology to understand how the fitness of multidimensional phenotypes changes along environmental gradients. Illustrating this concept is challenging in multiple trait and environmental dimensions [19, 20], but can be simplified by representing a series of different adaptive landscapes along an environmental gradient for two traits (Figure 3). Let us consider the simplest scenario and assume that the adaptive value of two functional traits both increase along the environmental gradient so that ecological filtering favors a combination of low values for Traits 1 and 2 at the low end of the gradient (i.e. in Environment 1) and a combination of high values for Traits 1 and 2 at the high end of the gradient (i.e. in Environment 3) (Figure 3).
The breadth of species distributions will be affected by the direction of maximum intraspecific trait covariance (pmax) between these two traits within a population. Similar to how gmax determines how a population will evolve in an adaptive landscape over time [58], pmax will determine the distribution of a species along an environmental gradient. Consider the two species with opposite pmax in Figure 3. The trait covariance for the blue species parallels the changing adaptive peaks from the first through to the third environment, which means that the bivariate trait density of the blue species overlaps the peaks in the adaptive landscape across all three environments (Figure 3a-c). In contrast, the trait covariance for the gold species is perpendicular to the direction of change in the adaptive peaks, and so the bivariate trait density of the gold species only overlaps the peak in the adaptive landscape in the second environment (Figure 3a-c). These contrasting trait covariances have important implications for the constraints they impose on species distributions. The blue species will have a broader distribution than the gold species along the environmental gradient because its trait values overlap the fitness peaks in all three environments, whereas the gold species would be limited to the middle of the environmental gradient (Figure 3d). The key implication is that if a species’ traits strongly covary, then it will be able to tolerate a broad environmental gradient only if the covariance of those traits tracks the direction of change in the peak of the adaptive landscape over the environmental gradient. The strength of the covariance and the breadth of the variance of each trait are also important considerations because a species with a circular trait distribution (i.e. zero covariance) could also occupy a broader range on the adaptive landscape.
These theoretical predictions are supported by an objective Bayesian model of trait-based community assembly [7]. If the direction of maximum trait covariance (pmax) between two traits follows the same direction as the relationship between the adaptive value of the traits and the environmental gradient, then species can theoretically occur over a greater range along the gradient (see Box 1). In other words, pmax might have significant consequences on the environmental niche breadths of species (Box 1). These modelling results suggest that the accuracy of trait-based species distribution models will depend on the accuracy of our estimations of intraspecific trait covariation, and that the strength and sign of phenotypic integration will constrain how species respond to changing environmental conditions. The dynamic adaptive framework illustrates that intraspecific trait covariance dictates not only the potential evolutionary trajectory of a species [58] but also has important ecological consequences as it constrains a species’ ability to shift its range in response to environmental changes.

Linking the phenotype to fitness
Quantifying the fitness of multidimensional phenotypes along environmental gradients is the core empirical objective of the dynamic adaptive landscape framework. Here we describe two complementary methods: the ‘likelihood’ and ‘vital rates’ approaches (Table 1, Figure 4).
The ‘likelihood’ approach assigns a fitness value to traits using probability theory. With this approach, statistical models are used to regress trait values on environmental gradients to determine whether the expected mean trait values systematically change along the gradients. Significant trait-environment relationships imply that the adaptive value of the trait changes along the gradient. The majority of trait-based analyses in ecology over the last decade fall into this category. The adaptive value of the traits can be quantified as the likelihood of the traits in a given environment (i.e. P(Traits | Environment)). These probability densities look identical to the classic fitness function where fitness peaks at an optimal trait value (Figure 4). These trait-environment relationships have most commonly been assessed at the community level, using community-weighted mean trait values, where trait means are weighted by the relative abundances of species in the community. However, individual or population-level trait values can also be used to estimate likelihoods by quantifying how the frequency of phenotypes vary within species along environmental gradients [7].
The strength of the likelihood approach is that the data requirements are generally low (Table 1). To estimate the likelihood, one simply needs a snapshot of which trait values are found along the environmental gradient. In addition, current methods exist to link these likelihoods to predict species abundances in different environments [7] (Box 1). The method is easily extendable to multidimensional phenotypes by either using multivariate regression if the traits are correlated or separate regressions if the traits are independent [67]. However, a weakness of the likelihood approach is that it does not measure any fitness components directly (Table 1, Figure 4). Its core assumption is that the relative abundance of trait values in an environment reflects their adaptive value, i.e., traits of the most abundant individuals confer the highest fitness. This assumption might be reasonable under equilibrium conditions, but most communities are dynamic in space and time and trait distributions within communities can change over successional timescales [68]. Many of these dynamics are also driven by biotic interactions, and unless controlled experiments are conducted, disentangling the joint effects of abiotic environmental filtering from competitive and mutualistic interactions can be challenging [69, 70]. The predictable variation of trait values along environmental gradients that is often seen using the likelihood approach is assumed to occur because the dominant phenotypes have higher survival and reproduction in that environment [17]. Therefore, directly linking phenotypes to fitness is the next step to test this assumption.
The ‘vital rates’ approach models fitness components directly as a function of the interaction between traits and the environment (Figure 4, Table 1). This can be done at the individual- or population-level. Individual-level growth rate, survival, and reproduction are measures of performance, whereas population-level growth rates, survival rates, and reproductive rates are demographic vital rates (Figure 1). Consensus is starting to emerge that a few key functional traits can explain vital rates and life history strategies [14], setting the stage for a multi-trait approach. The few published studies that have linked traits to fitness have increased in complexity from those that related species-level average fitness components to functional traits independently of the environment [13, 71-78], to those that modelled individual-level growth and survival as functions of traits and the local environment [68, 79]. The importance of analysing the fitness of individual organisms within explicit environmental conditions was made clear by studies that showed that the growth-mortality trade-off among tropical forest trees appears only when focusing on smaller subsets of individuals growing at the extremes of the light gradient [13, 72]. Modelling fitness as a linear function of traits without a trait × environment interaction term would imply that some set of trait values can confer fitness in all environments, but trade-offs make the evolution of such a Darwinian demon an impossibility. The growth-mortality trade-off among shade-tolerant and light-demanding species is the best current example of trait-mediated fitness differences along a light availability gradient [13, 68, 80, 81]. This research agenda should be expanded to determine how functional traits determine fitness along other important gradients, such as resource gradients (prey abundance, nutrient availability) and non-resource gradients (temperature).
The strength of the vital rates approach is that it directly incorporates fitness components (Table 1, Figure 1). Trait × environment interactions can be estimated using any statistical model, whether the function models continuous or binary responses, such as growth rate and survival, respectively. To extend this approach to the multivariate phenotype, one can test for three-way trait × trait × environment interactions. The significance of these terms would indicate whether fitness in a given environment is determined by a particular trait combination. Flexible and powerful methods, such as Cox proportional hazards models, can be used for analysing how such interactions influence survival [82, 83]. However, unlike models developed under the likelihood approach [7, 8], we know of no models that can predict species distributions based on general predictions of fitness given a set of traits in a given environment. Some mechanistic models have modelled animal distributions using physiological tolerances that determine fitness under varying climatic conditions [9, 10, 12, 84]. However, in order for these mechanistic models to be generalizable, fitness components must then be linked to functional traits [11]. Development of such models is a high research priority.
 Determining the adaptive value of the multivariate phenotype can be accomplished using both of these complementary approaches (Table 1, Figure 4). Given its lower data requirements, the likelihood approach is best for initial screening of which traits drive performance along environmental gradients and has led to important discoveries about how traits vary across landscapes. The vital rates approach is the logical next step to deepen our understanding of which trait combinations determine vital rates of growth, survival, and reproduction along environmental gradients. Large-scale observational approaches will be imporant, but experimental approaches will be especially useful to differentiate abiotic from biotic factors driving rates of growth, survival, and reproduction [85]. The dynamic adaptive landscape framework involves multiple traits from multiple individuals per species across environments. Therefore, Box 2 provides suggestions on to how to make decisions about the selection of the most relevant traits, the minimal sample sizes for estimating multivariate distributions, and the choice of species and ecosystems to prioritize.
 
Concluding remarks
There is mounting evidence of the importance of multidimensional phenotypes for understanding community assembly along environmental gradients [50] and species coexistence within communities [52]. Ecology’s Holy Grail is the ability to predict the fitness, and therefore abundance, of a phenotype with a, b, and c trait values in a site with x, y, and z environmental conditions [6]. Achieving this will enable ecologists to make more accurate forecasts of species range shifts at a global scale [1] but this will require the establishment of robust quantitative links between multidimensional phenotypes and fitness within varying environmental contexts.
The dynamic adaptive landscape framework provides a conceptual and analytical bridge between ecology and evolution to improve ecological prediction. Multivariate trait distributions can be used to determine how functional trade-offs within species can differ from trade-offs among species to improve our understanding of functional trait evolution [21] and the sorting of phenotypes across environmental gradients [34]. Knowledge of how trait covariance maps onto the dynamic adaptive landscape will enhance our predictions of species responses to changing conditions by linking traits directly to fitness components. We encourage ecologists to consider how phenotypic integration will constrain species responses to environmental change to strengthen the theoretical foundations of trait-based ecology. This new framework will not only provide clarity to unresolved relationships between multidimensional phenotypes and fitness (Figure 1), it will also enhance the success of conservation and restoration projects that face unprecedented challenges in a rapidly changing world. 
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Table 1. Comparison of the likelihood and vital rates approaches for linking functional traits to fitness along environmental gradients. This is a central step in the dynamic adaptive landscape framework because it quantifies the shape of the adaptive landscape across environments.

	
	Likelihood approach
	Vital rates approach

	
	
	

	The general model is…
	Traits = f(Environment)
	Fitness = f(Traits×Environment)

	
	
	

	Link to fitness is…
	Indirect: it assumes that the frequency of a trait value is a measure of its adaptive value
	Direct

	
	
	

	Data requirements are…
	Lower: trait values in known environmental conditions
	Higher: trait values in known environmental conditions and measures of performance over time

	
	
	

	Temporal dynamics are…
	Not incorporated
	Implicit to the approach

	
	
	

	Determining the optimal trait combination for a given environment is done by…
	Using multivariate regression if traits are correlated, or separate regressions if traits are independent
	Testing for Trait × Trait × Environment interactions

	
	
	

	Methods to quantify the shape of the adaptive landscape across environments include…
	- Generalized Linear Mixed Model
- Other models: Fourth-corner [86], RLQ [87], GLMM [67], hierarchical modelling [88]
	- Generalized Linear Mixed Model
- Other models: Bayesian MCMC models [68], vital rate elasticities [14], Cox proportional hazards model [82, 83]


	
	
	

	Proposed methods to predict trait-based species responses to the environment include…
	- Predictive models of trait-based species distributions: CATS [8] and Traitspace [7]
	- Mechanistic species distribution models [2, 9, 10, 12, 89, 90] based entirely on traits have yet to be generalised
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Figure 1. Path model, adapted from and inspired by Arnold [15], illustrating the hypothesized causal relationships between phenotypic traits, measures of performance, fitness, and community dynamics. Importantly, environmental conditions mediate the link between trait values and performance because one phenotype cannot be adapted to all environmental conditions. For clarity, this path model does not explicitly show how the environment can influence the expression of phenotypic traits in a given genotype. The curved arrows indicate the covariances among the traits, which further constrain how individuals perform in a given environment. Measuring fitness as lifelong reproductive output is ideal but is rarely possible, especially with long-lived organisms. Measures of individual organism performance, such as growth rate, survival, and reproduction are the proximate drivers of fitness. These performance measures can be scaled up to the population-level by calculating vital rates: population growth rate, survival rate, and reproductive rate. The rapidly growing field of trait-based ecology has emphasized the indirect link between traits and community dynamics without adequately resolving the important direct links between traits and fitness components that underpin many aspects of community dynamics.
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Figure 2. Intraspecific trait covariance is important for accurately quantifying how a species occupies trait space. (a) The orange and blue species have identical trait means, different trait variances, and zero covariance. The green and red species have identical trait means and variances, but opposite signs of trait covariation. (b) Illustration of the distinction between interspecific (among-species Q matrix) and intraspecific (within-species P matrix) trait covariation. Interspecific covariation is positive, but intraspecific covariation differs within each species. Trait covariance is zero for species 1. Trait covariance is positive for species 2 following the interspecific trait covariance pattern. Trait covariance is negative for species 3, which is opposite to the interspecific pattern.
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Figure 3. Dynamic adaptive landscapes allow the peaks of adaptive value (fitness) of phenotypic trait combinations to change in different environments (a-c). The contour lines indicate the fitness of individuals in bivariate trait space, where peaks indicate values of Traits 1 and 2 that confer greatest fitness in each of these environments. The direction of maximal trait covariance (pmax) for the blue species tracks the changing fitness peaks from (a) the first environment to (b) the second environment to (c) the third environment, which means that the bivariate trait density of the blue species overlaps the peaks in the adaptive landscape in all three environments. In contrast, pmax for the gold species is at odds with the direction of change in the adaptive peaks, and so the bivariate trait density of the gold species only overlaps the peak in the adaptive landscape in the second environment. (d) These differences have implications for predictions about the breadth of the environmental niches for these two species. A likelihood approach would predict that the blue species would have a broader environmental niche than the gold species.
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Figure 4. Linking phenotypic traits to fitness across environmental gradients. (a) The classic Gaussian fitness function shows that the adaptive value of traits changes along environmental gradients [19]. (b) Two empirical approaches can be used to link traits to fitness: (i) the ‘likelihood’ approach uses statistical regression models to find how the likelihood of a trait value changes across an environmental gradient, (ii) the ‘vital rates’ approach directly links a measure of performance (e.g. survival) to different combinations of trait values and environmental conditions.
<<<<<<<<<<< Begin Box 1 >>>>>>>>>>>>>>>>

Box 1. Effects of trait covariance on environmental niche breadth

The effects of trait covariance on fitness (based on trait frequencies) and the resulting species distributions along environmental gradients can be explored using the objective Bayesian model Traitspace. This model was developed to predict species distributions by combining two sources of information: intraspecific trait distributions and the relationship between individual-level traits and the environment [7]. Consider a simple scenario where two traits are positively correlated to an environmental gradient (Figure Ia,b), directly analogous to the example in Figure 3. This implies that high values of both traits are more adaptive and therefore confer greater fitness to individuals at the high end of the environmental gradient, but not at the low end. If we set the interspecific trait covariance to be positive, but vary the direction of intraspecific covariance, we can explore the effect of the direction of pmax relative to the orientation of the ridge in the dynamic adaptive landscape on the environmental niche breadth of each species. In the first scenario (Figure Ic), we set pmax to be parallel with the ridge of high fitness (analogous to the blue species in Figure 3). In the second scenario (Figure Ie) we set pmax to be perpendicular to the ridge of high fitness (analogous to the green species in Figure 3), but of equal magnitude to the first scenario.
In the first scenario, the intraspecific trait covariances are ‘tracking’ the positive relationship between the traits and the environmental gradient (Figure Ic), and so the variation of phenotypes within each species permits each species to occur across a greater breadth of environmental conditions (Figure Id). In the second scenario, the intraspecific covariances are perpendicular to the ridge of peak fitness in the adaptive landscape. The species environmental niche breadths are therefore constrained by the direction of phenotypic integration (Figure If) and fewer individuals exhibit the optimum combination of trait values. In other words, if the direction of maximum trait covariance (pmax) between the two traits follows the same direction as the relationship between the adaptive value of the traits and the environmental gradient, then species can theoretically occur over a greater range along the gradient. 
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Figure I. The effect of intraspecific trait covariance on predicted species distributions and environmental niche breadth using the Traitspace model. In this analysis, both (a) trait 1 and (b) trait 2 at the individual level were positively associated with the environmental gradient. The means and variances of the traits for each species were held constant across both scenarios, but in (c) and (d) intraspecific trait covariance was positive, whereas in (e) and (f) intraspecific trait covariance was negative. Note how the predicted environmental niche breadths in (d) are generally larger than those in (f). 
<<<<<<<< End of Box 1 >>>>>>>>>>	
<<<<<<<< Begin Box 2 >>>>>>>>>>
Box 2: Logistical considerations and recommendations
Quantifying trait distributions of multiple species requires the measurement of multiple traits on multiple individuals of each species. Priority should be given to sampling traits from different functional dimensions from multiple organs to maximize the species’ functional niche represented by the traits measured [50-52]. Many traits (i.e. ‘soft traits’) are easy to measure; for example, morphological traits, are straightforward to measure on multiple individuals simultaneously while other traits (i.e. ‘hard traits’) such as physiological rates are more problematic. 
Another important constraint is sample size. Sample size of traits is extremely variable across studies, and can range from one replicate per species [73] to over one hundred replicates per species [91]. Minimal sample sizes are important to accurately estimate covariances. To address this issue, we simulated thousands of trait distributions emulating real empirical distributions to determine how many individual samples were needed to accurately estimate the true mean and variance-covariance at least 90% of the time. At least 30 replicate individuals per species were needed to achieve 90% accuracy when estimating a one-dimensional normal trait distribution (Figure I). However, for estimating a three-dimensional trait distribution, at least 50 replicate individuals per species were needed to obtain 90% accuracy (Figure I). We might assume that this number continues to rise with increasing trait dimensionality and with departure from normality.
Sampling phenotypic traits can be time consuming and expensive [92]. Robust estimations of the mean, variance, and covariance of traits that span all functional organs and whole-organism properties might only be possible for a limited number of species and traits at first. Given these limitations, we recommend starting with studies that span a range of growth forms and biomes to determine the generality of functional trait covariance structures among species. The cutting-edge field of phenomics is rapidly developing technologies to quantify multidimensional phenotypes of individuals in controlled conditions, and these will no doubt increase our understanding of trait covariation [93, 94]. We might also want to focus on species that are at risk of extinction or those that are ecologically or commercially important. Quantitatively linking traits to fitness and applying the statistical tools at our disposal (Table 1) will advance our capacity to make robust predictions about how species will respond to environmental change, a fundamental goal of both basic and applied ecology.
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Figure I. The relationship between sample size per species and the accuracy of estimating the correct trait distribution. The following procedure was used to determine how many samples were needed to accurately estimate univariate and 3-dimensional trait distributions. First, for each trait or combination of traits and for each species, a Gaussian probability density function (PDF) [95] was fit to trait data. The trait distributions were drawn from a dataset that included three traits (specific leaf area, wood density, and bark thickness) measured on individuals on each of 17 tree species from Arizona, USA and New Zealand spanning a variety of climatic conditions. Second, for each tested sample size, where sample sizes were varied from 5 to 100 in multiples of 5, 500 sets of random samples were drawn from these fitted distributions. Third, PDFs were then fit to each of the random samples. Accuracy of a one-dimensional distribution was assessed by determining whether the estimated means and variances fell within their 95% confidence intervals based on the original data. Accuracy for the three-dimensional distributions required accurate estimations of two criteria: whether the estimated means fell within their 95% confidence intervals based on the original data, and whether the covariance structure was correctly determined. Ten different covariance structures are possible based on whether the distributions are spherical, diagonal, or ellipsoidal, and whether the volumes, shapes, and orientations are equal or variable [95].
 
<<<<<<<< End of Box 2 >>>>>>>>>>
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