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1 Abstract

Trait-environment relationships within plant species are both flatter on average and more variable than1

community-mean trends, yet the mechanisms driving this variation remain poorly understood. Classic2

theory attributes this flattening to maladaptive gene flow, but the theory has been underused and its3

scope, in particular how multiple factors interact to shape trait slopes, remains largely unexplored. Here,4

we extend it: we model a multi-species community along a one-dimensional environmental gradient5

to test how four factors shape adaptation within species through time. We found genetic variance6

accelerated adaptation and steepened trait slopes, while higher gene flow and steeper environmental7

gradients slowed adaptation and flattened within-species slopes, compared to optimal or across-species8

responses. Micro-environmental heterogeneity produced flatter slopes without the density penalty9

imposed by gene flow. The same dynamics governing trait adaptation also govern species abundance10

distributions; we show abundant-centre patterns are not a general expectation, but a signal of incomplete11

adaptation. These results connect eco-evolutionary theory to the empirical literature on within-species12

trait variation, providing a mechanistic basis for interpreting trait slopes and abundant-centre patterns13

across environmental gradients.14

2 Introduction

A fundamental observation since the beginning of ecology has been the shift in the form and function15

of living things along environmental gradients [1, 2]. Broadly, plant species are known to shift in their16

functional traits (traits that impact growth, survival and/or reproduction) and gradually be replaced by17

other species as environmental conditions change across space [2, 3, 4, 5]. Despite significant progress18

in quantifying the rates of trait and species turnover along environmental gradients [e.g., 6, 7, 8, 9], the19

degree to which traits shape species distributions remains poorly understood.20

Existing theory offers a promising but underused hypothesis: that species’ trait-environment slopes —21
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and ultimately their distributions — are shaped by the interplay of adaptation and gene flow, which22

operates differently within species than across communities. Imagine there is an optimal phenotype23

(trait value) that shifts along space. One might expect species to adapt perfectly to this environmental24

gradient by matching their traits to the optimum (Fig. 1a). Classic theory suggests, however, that a25

single species cannot fully track a shifting optimum because gene flow from differing environments26

continuously pulls trait means away from local optima — a process known as maladaptive gene flow27

or migration load (Fig. 1b) [10, 11, 12, 13, 14]. Along a linear environmental gradient, abundance28

differences across space result in asymmetric gene flow and hence a net flow of maladaptive genes into29

lower-density populations [12]. The interplay of both maladaptive gene flow and competition with30

other species along environmental gradients can thereby flatten species’ trait slopes and ultimately31

promote species turnover along the gradient [13].32

The empirical record broadly supports the outcome of the proposed gene flow effect: the flattening of33

within-species trait slopes compared to community-mean slopes. Although there is some variation,34

empirical data show that the changes in trait values along environmental gradients are typically smaller35

within species, compared to the changes averaged across whole communities (Fig. 1c) [15, 4, 16, 17,36

18, 19]. For example, Cornwell and Ackerly [4] found strong positive trends in leaf area and specific37

leaf area along a gradient of soil water content in coastal California; however, the distribution of38

within-species trait-environment slopes was shallower than the community-mean slope. Consequently,39

the community-level trend was driven largely by species replacement, rather than within-species40

trait variation. This was corroborated by Guo, Cornwell, and Bragg [19], who found that leaf area-41

precipitation relationships in the eucalypt clade were weaker at shallow phylogenetic scales, primarily42

within species. But, despite this consistent average pattern, within-species slopes vary considerably43

[20, 19]; what drives that variation, and how trait responses connect to adaptation and species turnover,44

remains unresolved.45

Despite mounting empirical evidence on within-species trait slopes, the ability of original theory to46

explain variation in trait slopes has been underused. Analysis by Case and Taper [13] showed that47

gene flow can flatten trait gradients, contributing to turnover, but focused only on two species. It48
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is unclear whether other factors modulate the degree of flattening, whether these processes scale to49

repeated turnover of multiple species, or what happens if a location supports more than one optimal50

phenotype. Moreover, Case and Taper [13] assumed reduced competition through trait divergence,51

but given that trait-based competition does not apply well to plants competing for common resources52

[21], can trait-independent competition for resources also generate flatter trait gradients? A few53

theoretical studies have observed flatter trait slopes in passing; however, results have been centred54

on other processes and phenomena, making it difficult to disentangle the effects of each driver [e.g.,55

22]. Thus it remains unclear what factors are most important in shaping the observed shallowness and56

variability in within-species trait slopes.57

While untested, existing theory suggests several predictions about within-species trait slopes. Higher58

genetic variance should steepen slopes, by increasing the capacity and rate of local adaptation [12, 13].59

Higher dispersal rates and steeper environmental gradients are each expected to increase migration load60

(the fitness loss when individuals move among locally-adapted populations), thereby flattening slopes61

[12, 13]. Spatial heterogeneity at the local scale (‘micro-environments’) should introduce additional62

axes of trait variation that decouple within-species slopes from the large-scale gradient, generating63

greater variability across species [23, 24, 25].64

The same dynamics governing trait adaptation along gradients also determine how species abundance65

varies across space. This connects directly to the abundant-centre hypothesis—the proposition that66

species reach peak abundance at the centre of their range and decline toward the edges [26, 27]—which67

has attracted substantial empirical attention but remains unresolved, partly because empirical tests have68

proceeded largely without mechanistic theory to interpret them [28, 29, 30, 31]. Population density in69

classic models is jointly controlled by selection, gene flow and competition, so the same simulations70

yield predictions about both trait slopes and abundance distributions—offering a mechanistic basis for71

interpreting when and why abundant-centre patterns should or should not emerge.72

Here, we extend the classic two-species model of Case and Taper [13] to a multi-species community,73

and test whether gene flow and adaptation can generate the observed variety of within-species trait74
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slopes, even with trait-independent competition. Specifically, we ask how four factors shape within-75

species trait-environment slopes compared to cross-community responses: genetic variance, which76

theory predicts should steepen slopes by accelerating local adaptation; dispersal rate and gradient77

steepness, each expected to flatten slopes by increasing migration load and suppressing edge densities;78

and local spatial heterogeneity (micro-environments), which should flatten slopes without the density79

costs that dispersal imposes. Because population density emerges directly from these dynamics, the80

same simulations generate predictions about species abundance distributions, including when and why81

abundant-centre patterns should arise.82

3 Methods

To investigate these questions, we model the eco-evolutionary dynamics of a community along a83

one-dimensional environmental gradient (Fig. 2). We begin with a scenario where each location along84

the gradient has a unique optimal trait value, before extending the model to accommodate multiple85

optima at each location.86

In the single optimum case, we consider the population density Ni(x, t) and trait mean z̄i(x, t) for a87

species i at location x in space and time t, in a community comprising of S species. We consider a88

species as a group of individuals connected by gene flow, regardless of phenotypic divergence (i.e.89

intraspecific variation) across space. We define z to be a one-dimensional phenotypic trait. We assume90

that there is an optimum trait value z∗ at any location, which varies through space x and is fixed through91

time t (Fig. 2). The model is based on standard equations that incorporate local physiological fitness,92

Lotka-Volterra competition, directional selection and gene flow, following Kirkpatrick and N. H. Barton93

[12] and Case and Taper [13] but without trait-based competition coefficients (see below).94

We assume species i has a distribution of trait values (i.e. phenotypes) that vary with space x and time95
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t, with mean z̄i(x, t) and a distribution of pi(z, x, t) within any location, such that96

∫
pi(z, x, t) dz = 1, (1)

and97 ∫
z pi(z, x, t) dz = z̄i(x, t). (2)

The local distribution pi(z, x, t) is assumed to follow a normal distribution with variance V , which98

remains constant across space x and time t, such that99

pi(z, x, t) = pi(z). (3)

Let w(z, x, t) be the per capita growth rate for phenotype z at x and t. We let w vary as100

w (z, x, t) = r(z, x, t)−
∑
j

Nj(x, t)

∫
pj(z

′) α(z, z′) dz′. (4)

The potential per-capita growth rate r(z, x, t) is allowed to vary with distance from an optimal trait101

value z∗(x, t) as102

r(z, x, t) = r0 exp

(
−(z∗(x, t)− z)2

σ2

)
− κ, (5)

where r0 is the maximum intrinsic growth rate, σ2 is the width of the response of potential per-capita103

growth rate to divergence from z∗(x, t) and κ is the intrinsic mortality parameter.104

We model competition as a fixed per capita reduction in w(z, x, t) with the abundance of competitors105

(denoted as species j), i.e.,106

α(z, z′) = a0. (6)

Following Norberg et al. [22], we assume that competition does not depend on the difference in trait107

values between individuals, given that trait-based competition functions do not apply well to plants108

competing for common resources [21]. Thus, all individuals compete fully with all others in a patch.109
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By definition, the average per capita growth rate w for species i is given by110

w̄i(x, t) =

∫
pi(z)w(z, x, t) dz. (7)

Individuals disperse according to a diffusion process, with dispersal rate D [Fick’s second law; 32].111

The change in population density over time is then given by112

∂Ni(x, t)

∂t︸ ︷︷ ︸
change in
population

= Ni(x, t) w̄i(x, t)︸ ︷︷ ︸
population dynamics

+D
∂2Ni

∂x2
(x, t)︸ ︷︷ ︸

dispersal

, (8)

while the change in mean trait value is given by113

∂z̄i
∂t

(x, t)︸ ︷︷ ︸
change in
mean trait

= Ni(x, t) V
∂w

∂z
(z, x, t)

∣∣∣∣
z=z̄i(x,t)︸ ︷︷ ︸

directional selection

+D

(
∂2z̄i
∂x2

(x, t) + 2
∂ logNi(x, t)

∂x

∂z̄i
∂x

(x, t)

)
︸ ︷︷ ︸

gene flow

. (9)

We assume that the rate of directional selection is proportional to genetic variance V and the size of114

the population Ni(x, t) [33], such that directional selection stalls when population size is low.115

3.1 Multiple trait optima at each location

We introduce multiple optima to the model, to capture the scenario where each location x along116

the gradient has multiple ‘micro-environments’. Trait optima of different micro-environments all117

shift linearly at the same rate but are offset from one another by a specified amount (Fig. 2). In this118

multi-optima model, the change in population density of species i in micro-environment m is given119
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by120

∂Ni,m

∂t
(x, t)︸ ︷︷ ︸

change in
population

= Ni,m(x, t) w̄i,m(x, t)︸ ︷︷ ︸
population dynamics

+D
∂2Ni,m

∂x2
(x, t)︸ ︷︷ ︸

dispersal across space

+
M−1∑
m=0

β

M − 1
(Ni,m′(x, t)−Ni,m(x, t))︸ ︷︷ ︸

movement among micro-environments

,

(10)

where M is the total number of micro-environments, β is the exchange rate of individuals between121

micro-environments (1/time) and m′ is another micro-environment in the given location x. The change122

in mean trait value in micro-environment m over time is likewise given by123

∂z̄i,m
∂t

(x, t)︸ ︷︷ ︸
change in
mean trait

= Ni,m(x, t)V
∂w

∂z
(z, x, t)

∣∣∣∣
z=z̄i,m︸ ︷︷ ︸

directional selection

+D

(
∂2z̄i,m
∂x2

(x, t) + 2
∂ logNi,m

∂x
(x, t)

∂z̄i,m
∂x

(x, t)

)
︸ ︷︷ ︸

gene flow across space

+
M−1∑
m=0

β

M − 1

Ni,m′(x, t)

Ni,m(x, t)
(z̄i,m′(x, t)− z̄i,m(x, t))︸ ︷︷ ︸

gene flow among micro-environments

,

(11)

where Ni,m′ is the number of immigrants from micro-environment m′ and Ni,m is the local density.124

3.2 Numerical implementation

To implement the model described above, we focus on dynamics of the trait means z̄i(x, t) and125

population densities Ni(x, t).126

Based on a second-order Taylor expansion [22], w̄i(x, t) can be approximated as127

w̄i(x, t) = w (z̄i(x, t), x, t) +
1

2
V
∂2w

∂z2
(z, x, t)

∣∣∣∣
z=z̄i(x,t)

. (12)

The second term gives the average increase or decrease in per capita growth rate that arises through128

non-linearity in w(z).129
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The first derivative, δw
δz

, can be solved to give130

δw

δz
(z, x, t)

∣∣∣∣
z=z̄i(x,t)

=
2r0(z

∗(x, t)− z)

σ2
exp

(
−(z∗(x, t)− z)2

σ2

)
. (13)

The second derivative can be solved to give131

δ2w

δz2
(z, x, t)

∣∣∣∣
z=z̄i(x,t)

=
2r0
σ2

exp

(
−(z∗(x, t)− z̄i(x, t))

2

σ2

)(
2(z∗(x, t)− z̄i(x, t))

2

σ2
− 1

)
. (14)

To solve this model numerically, we consider K nodes along space x. At each node k, we approximate132

the density Ni and mean trait value z̄i of each species i. Species’ genetic variances V and dispersal133

rates D are fixed parameters.134

Under the multiple optima framework, we designate M micro-environments at every node k, which135

are offset by a fixed parameter, such that they shift linearly and at the same rate across space.136

For numerical stability and to prevent densities becoming negative during numerical approximation,137

we tracked the change in the natural logarithm of population density log(Ni(x, t)) rather than Ni(x, t),138

using the identity139
δ log(Ni(x, t))

δt
=

δNi(x, t)

δt

1

Ni(x, t)
. (15)

We also apply an upper limit to population density to counter numerical instability at the boundaries of140

space. We set the derivative δ log(Ni(x,t))
δt

to zero if log(Ni(x, t)) + ∆ log(Ni(x, t)) was to exceed the141

minimum of two logistic curves:142

min

(
10

1 + e−s(x−xA)
,

10

1 + es(x−xB)

)
, (16)

where s is the steepness of the logistic curves and xA and xB are the left and right midpoints of the143

curves respectively. ∆ log(Ni(x, t)) is calculated by multiplying δ log(Ni(x,t))
δt

by ∆t, with ∆t = 1. The144

midpoints xA and xB are set by a parameter X (a proportion of total space multiplied by the number145

of nodes K) designating their distances from the edges of space. We multiply the curves by a factor of146

10 so that the maximum density cutoff in the centre of the space is not too restrictive but still provides147
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numerical stability. We also limit further decreases in population density if already too low, by setting148

δ log(Ni(x,t))
δt

to zero if log(Ni(x, t)) < log(0.00001) and δ log(Ni(x,t))
δt

< 0.149

Parameters and their default values are described in Table S1.150

At initial conditions (time = 0), all species were at maximum density across space (and across micro-151

environments under the multiple optima framework). Trait means were also fixed across space, evenly152

spaced between minimum and maximum values of the environmental gradient. We allowed a ‘warm-up’153

period from time = 0 to time = 100, with V and D parameters set to zero, such that there was no154

evolution or dispersal during this period. During the warm-up period, species sorted across space155

to where their trait means were closest to the optimum. After the warm-up period, V and D were156

increased to specified values.157

4 Results

We found that higher genetic variance (V ) accelerated adaptation, increasing within-species trait slopes158

at time = 200, as predicted (Fig. 3). Dispersal rate (D) had the opposing effect: increased gene flow159

homogenised trait means across space, thereby suppressing population density at range edges and160

increasing overlap among species distributions. Under high gene flow, the system reached a steady state161

more slowly, with trait slopes remaining flat through a balance of selection and gene flow (Fig. 3c).162

Genetic variance had a stronger overall effect than dispersal rate; dispersal rate required an increase by163

several orders of magnitude to exert a comparable influence.164

Steeper environmental gradients produced results similar to higher dispersal (Fig. 4). Sharper changes165

in the optimum among neighbouring locations increased mismatches between trait means and the166

optima, except at the range centres, suppressing population densities (Fig. 4a). Under the example167

parameterisation, all simulations eventually reached steady states, but more slowly under steeper168

gradients, as the gaps between initial trait slopes and the environmental gradient were larger (Fig.169
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4b).170

Adding micro-environments with different trait optima within each location resulted in overall flatter171

within-species trait slopes, compared to a single optimum in each location (Fig. 5). Instead of adapting172

to the environmental slope, species were able to switch to another optimum partway through space for173

which they were already pre-adapted. When not at steady state and with large distances among optima174

(time = 1000, Fig. 5a), the addition of a third optimum flattened within-species trait slopes even more175

than the presence of two optima, such that the overall within-species trait slope was approximately176

zero. This was caused by the sharp negative transitions of trait means as species shifted optima, in177

contrast to the overall positive environmental slope. Multiple optima also enabled local coexistence.178

When optima were far apart, each species occupied the micro-environment it was best adapted to, and179

multiple species coexisted at every location. When optima were close, each species dominated all180

micro-environments within its range core, with trait means averaged across optima, while coexisting181

with other species at the range periphery.182

Abundance distribution shapes depended on how closely within-species trait slopes matched the183

environmental gradient (Fig. 3). Poorly adapted species—with flat trait slopes—had hump-shaped184

distributions, consistent with the abundant-centre hypothesis. At steady state, fully-adapted species had185

uniform distributions with sharp boundaries between species, counter to the hypothesis. Distribution186

shape thus tracked the same factors governing trait slope steepness: genetic variance, dispersal rate,187

gradient steepness, and time for adaptation.188

In simulations with a single optimum per location, within-species trait slopes were linear, except under189

simultaneously high genetic variance and dispersal rate, where they became S-shaped, with adaptation190

of edge populations lagging behind the range core (Figs. 3, 4). With multiple optima, trait means were191

non-linear and disjointed across geographic space, especially at steady state (Fig. 5); however, they192

became approximately linear when plotted against environmental space (Fig. 6).193
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5 Discussion

Here, we revive classic eco-evolutionary models [12, 13] to investigate the degree to which traits194

influence species’ distributions. Our results partition the contributions of intraspecific trait variation195

versus species turnover to community assembly along environmental gradients. The model suggests196

intraspecific trait variation is a function of the level of adaptation to an environmental gradient, which is197

governed by combined effects of time, gene flow, genetic variance, and microsite diversity. Consistent198

with studies modelling the effects of climate change on biodiversity [22, 34], we found that genetic199

variance accelerated adaptation, leading to steeper trait slopes, whereas dispersal rate and gene flow200

slowed adaptation, leading to shallower trait slopes and suppressed population densities at range edges.201

We also demonstrated a previously unexplored mechanism for flattening species trait slopes without202

the density penalty: micro-environmental heterogeneity. When species are not fully adapted to the203

gradient (at disequilibrium), such as with strong gene flow, trait values along the gradient are controlled204

primarily by across-species turnover rather than within-species trait variation. Our paper highlights205

a neglected opportunity for a bridge between the theoretical and empirical literature surrounding206

problems of adaptation and species distributions.207

With the rise of trait-based ecology comes discourse about the relative importance of intraspecific trait208

variation [35]. Empirical data shows trait-environment relationships are, on average, flatter within209

species than across communities [15, 4, 17, 18, 19]. This aligns with global findings by Siefert210

et al. [16] that intraspecific trait variation and species turnover account for 32% and 64% of total211

community-level trait variation, respectively. In other words, trait change along gradients primarily212

results from species turnover. Our model links intraspecific trait variation to the degree of species’213

adaptation to environmental gradients, thereby affecting their trait-environment slopes, and provides214

mechanisms to explain the relative importance of within-species variation and turnover in the assembly215

of communities along environmental gradients.216

We demonstrated the influence of three factors that control species’ adaptation to an environmental217

gradient: genetic variance, dispersal rate and gradient steepness. As expected, genetic variance (the218
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amount of genetic variation available for natural selection to act upon) accelerated adaptation to the219

gradient, leading to steeper slopes and higher intraspecific trait variation (Fig. 3). Since genetic220

variance is simply a term that modulates the strength of directional selection in the model, it could be221

equally regarded as the effect of generation time, which is negatively correlated with the potential rate222

of evolution [36], or any other drivers of genetic variation [37]. Conversely, gene flow homogenised223

trait values across space, slowing adaptation to the gradient. The empirical data aligns with either a224

non-equilibrial state—species are in the process of adapting—or with the outcome of the gene flow225

effect [15, 4, 17, 18, 19]: gene flow reduces the signal of the environment in within-species trait226

variation, producing flatter within-species trait slopes on average. Although dispersal can sometimes be227

beneficial for species’ persistence under environmental change [38, 39], gene flow as a homogenising228

force suggests adept dispersers might adapt more slowly to environmental gradients [40]. Future229

empirical work could investigate whether dispersal syndrome predicts species’ trait-environment230

slopes. Further, the maladaptation induced by steeper gradients and higher gene flow led to suppressed231

population densities away from species’ range centres. Although community assembly processes (e.g.,232

migration and speciation) are not encoded in our model, these vacancies in carrying capacity imply that233

better-adapted species could invade; steeper environmental gradients and high-dispersal taxa should234

therefore display higher turnover. This matches rapid turnover rates observed along steep elevational235

gradients [2, 41, 42].236

Collectively, the factors we explored control the rate of adaptation and, ultimately, the time required237

for the system to reach equilibrium, by modulating the relative influences of natural selection and gene238

flow. The timeline of our simulations, from initial conditions to steady state, parallels the arrival of239

species to a new environmental gradient and the subsequent adaptation via evolution to the gradient.240

A striking empirical example of this process is the spectacular radiation of the Hawaiian lobeliads:241

after colonising the archipelago, the group diversified into many distinct habitat types with associated242

traits [43, 44]. Corroborating our findings, limited dispersal in the largest lobeliad genus Cyanea likely243

accelerated adaptive radiation independently across the islands [44]. Trait-environment slopes observed244

today are snapshots of systems that may or may not have reached equilibrium. Our results suggest that245

when species are not yet fully adapted (at disequilibrium), or when gene flow is sufficiently strong,246
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trait turnover is primarily driven by across-species turnover rather than intraspecific trait variation.247

The empirical finding that trait gradients are generally flatter within species than across communities,248

and that turnover outweighs intraspecific trait variation [4, 16], is consistent with the view that many249

systems remain at disequilibrium.250

The connection of traits to species distributions forms an underappreciated bridge between theoretical251

and empirical research. Classic eco-evolutionary theory [11, 12, 13], although highly stylised, still252

offers underexploited heuristic value. In particular, it presents mechanisms to predict range sizes253

and species turnover rates, a focal goal of empirical investigation [45, 46]. A central assumption254

of early models is a single continuously shifting optimum along one dimension [12, 13, 47]. Here,255

we revive classic models with a simple yet illuminating extension: the addition of multiple optima256

to represent micro-environmental heterogeneity in nature. Superimposed on macro-scale environ-257

mental gradients, local-scale heterogeneity is influenced by, among other things, topography and258

vegetation feedbacks which manifest as shaded understories to exposed sun-facing slopes [48, 49,259

50]. Persistent micro-environments have been recognised as important refugia for species when the260

surrounding climatic conditions become unsuitable [23, 24, 25]. Given the option of multiple trait261

optima, our model showed that species switched among optima across space, rather than evolving to262

match the overall environmental slope, leading to flatter within-species trait slopes but without the263

density penalty associated with gene flow. This also opened the opportunity for the coexistence of264

different phenotypes in each location. Empirical data shows within-species and across-community265

trait-environment relationships tend to vary in the same direction [4, 16]; however, our model does not266

account for the occasional reversal—species trait slopes opposing the environmental gradient [20, 19].267

Additionally, questions remain about how much micro-environmental heterogeneity exists relative to268

macro-environmental gradients and how heterogeneity is distributed across local scales. These present269

opportunities for further empirical investigation.270

Discrepancies between a model and empirical data can arise because the empirical system in question271

does not match model assumptions, or because the model misses relevant biological processes for that272

system [51, 30]. The abundant-centre hypothesis (that species should be most abundant in the centres273
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of their distribution) [26, 27] is an example of where the theoretical basis has been largely ignored274

in empirical investigations [28, 29, 30, 31]. Abundant-centre patterns have emerged from models275

that assume a monotonic environmental gradient such as ours [12, 13], but environmental space and276

geographic space are not always well correlated in reality [52, 51, 53, 29]. Abundance distributions in277

our simulations ranged from hump-shaped, as predicted by the hypothesis, to uniform, counter to the278

hypothesis. The shapes of the distributions depended on the same factors that governed trait adaptation,279

suggesting that abundant-centre patterns are not a general expectation, but an indicator of incomplete280

adaptation [14]. We predict that better dispersers are slower to adapt to environmental gradients281

due to increased migration load [40], which aligns with the finding that greater dispersal ability282

appears correlated with decreased genetic differentiation among populations [54]. Due to incomplete283

adaptation, we predict better dispersers will more often exhibit abundant-centre distributions. The284

increased maladaptation toward peripheral populations experienced by stronger dispersers, and along285

steeper gradients, might also facilitate greater coexistence.286

Finally, we offer some recommendations for better integrating theory and observation. Although287

mechanistic theory has historically been underused in interpreting empirical findings, efforts to do288

so are steadily growing [55, 29, 30]. We urge empiricists to consider the assumptions underlying289

hypotheses like the abundant centre, and particularly the contexts in which certain patterns are expected290

to emerge. For theoreticians, models should connect explicitly to measurable functional traits to291

enable empirical validation. Though this proved useful as a minimal demonstration that a small set292

of processes can generate diverse within-species trait-environment slopes, future modelling could293

incorporate explicit resources, trait-based trade-offs and lifespan [56, 57]. The integration of observation294

and theory is crucial to all sciences; ecology is no exception [58]—and that integration is best served295

not by conceptual frameworks alone, but by quantitative models precise enough to be meaningfully296

tested against data [59]. On that, we all have more work to do.297
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5.1 Conclusions

We have shown that the flatness and variability of within-species trait-environment slopes, long298

noted empirically but poorly explained, emerge here from a small set of interacting processes along299

environmental gradients: selection, gene flow, competition, and local spatial heterogeneity. Critically,300

the same dynamics that govern trait slopes determine the shapes of species abundance distributions,301

offering a mechanistic basis for interpreting when abundant-centre patterns should and should not arise.302

These findings generate concrete, testable predictions: species with greater genetic variance should303

adapt faster and thereby have steeper trait slopes; species with higher dispersal should show flatter304

trait slopes and more hump-shaped abundance distributions; steeper environmental gradients should305

produce greater turnover; and local micro-environmental heterogeneity should decouple within-species306

slopes from community-mean trends without the density costs imposed by gene flow. Connecting these307

predictions to empirical data, particularly the growing availability of intraspecific trait databases, is a308

worthy next step toward a unified account of how traits, adaptation and species distributions are linked309

across environmental gradients.310
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6 Figures and Tables

Figure 1. Three scenarios for within-species (grey lines) and across-community (black lines) trait slopes along
an environment gradient. (a) The null expectation is that species are able to perfectly track the environmental
gradient across space. (b) However, theory suggests maladaptive gene flow produces flatter within-species trait
slopes, with shifts in trait values across space driven mainly by turnover of species, rather than intraspecific
trait variation. (c) Empirical data shows that within-species trait slopes are on average flatter than the across-
community trait slope, albeit exhibiting considerable variation. This figure was inspired by Cornwell and Ackerly
[4].
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Figure 2. Spatial eco-evolutionary dynamics of five species (different coloured lines) as encoded by the model.
The assumed optimum trait value(s) is indicated by the dotted line, with options to increase the steepness of
the optimum gradient or introduce multiple optima per location. Species’ trait means and population densities
are distributed across one-dimensional space. At each location (one example indicated by the vertical dashed
line), trait means evolve under forces of selection towards the assumed optimum and gene flow from other
locations. Gene flow moves from both neighbouring locations, often asymmetrically—here, it occurs on one
side for demonstration purposes only. Physiological fitness, controlled by the distance between a species’ trait
mean and the local optimum, is reduced by competition to give fitness (w). Selection is proportional to the
steepness of the fitness landscape (∂w∂z ). Under the multiple optima framework, species are able to migrate among
micro-environments with different optima.
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Figure 3. The effect of average genetic variance (V ) and dispersal rate (D) on species trait slopes and abundance
distributions across space at various time points. The dotted lines represent the assumed optimal trait values
across space. (a) The initial conditions of each simulation after the warm-up period (time = 100), with all species
(different coloured lines) at equilibrial densities before any evolution or dispersal. (b) The states of the system
under varying V and D parameterisations, at time = 200. (c) The steady states of the system under the same
parameterisations. ‘Steady state’ was defined as the state at which the rates of change of abundance-weighted
trait means were under 1× 10−4, checked at time intervals of 200. Other parameters are described in Table S1.
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Figure 4. The effect of gradient steepness on the pattern and rate of adaptation to the environmental gradient.
The dotted lines represent the assumed optimum trait values across space. (a) The states of the system at time =
200 and (b) the steady states of the system, under varying steepness. ‘Steady state’ was defined as the state at
which the rates of change of abundance-weighted trait means were under 1× 10−4, checked at time intervals of
200. The initial conditions of every simulation are as described in Fig. 3a (but initial trait means were evenly
spread between the minimum and maximum optimum values across space, differing with gradient steepness). V
and D were set to 0.01 and K was set to 200. Other parameters are described in Table S1.
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Figure 5. The pattern of adaptation across space comparing a single optimum versus multiple optima within
each location, with the latter akin to local micro-environments with different optimal trait values. The trait
optima are represented by the dotted lines. (a) The states at time = 1000 and (b) the steady states of the system for
different numbers of optima per location (M) and distances among optima (‘offset’). ‘Steady state’ was defined
as the state at which the rates of change of abundance-weighted trait means were under 1× 10−4, checked at
time intervals of 200. For simulations with multiple optima, trait means are averaged and population densities
are summed across micro-environments. At initial conditions (time = 100), species reach constant densities
across micro-environments and space, before any evolution or dispersal. V , D, and K were set to 0.01, 0.001,
and 150 respectively. For increased numerical stability, we changed s and X to 1 and 0.2 respectively. Other
parameters are described in Table S1.
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Figure 6. Comparison of the pattern of adaptation across geographic space (left) and environmental space (right)
at time = 1000 for a simulation with multiple optima. Parameters are as described in Fig. 5, with M = 2 and
Offset = 5. Species trait means were plotted as points against environmental trait optima. Only points where
population density was greater than 0.1 were included.
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7 Supplementary materials

Table S1. Model parameters and default values (if applicable).

Number of species S 5
Number of nodes K 100
Number of micro-environments M
Average genetic variance V
Average dispersal rate D
Intrinsic growth rate r0 1
Width of the maximum growth rate response σ2 25
Intrinsic mortality parameter κ 0.1
Competition coefficient a0 1
Movement rate between micro-environments β 0.01
Steepness of density-limiting logistic curves s 2
Proportion of space to set midpoints of density-limiting logistic curves X 0.1
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