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Incorporating responses of traits
to changing climates into species
distribution models: a path
forward

Summary

Conventional species distribution models (SDMs) typically consider

only abiotic factors, thus overlooking critical biotic dimensions,

including traits that play an important role in determining species’

distributions in changing environments. Process-based trait SDMs

explicitly incorporate traits and have been applied to SDMs.

However, their parameterization can be complex and require data

that are unavailable for most species. Recently developed hierarch-

ical trait-based SDMs use widely available data and facilitate the

incorporation of traits into SDMs at broad temporal, spatial, and

taxonomic scales. However, despite their promise, existing hier-

archical trait-based SDMs fail to accommodate changing trait

spaces under different climate conditions. Here, we provide a new,

simplified framework for hierarchical trait-based SDMs that

integrates individuals’ trait responses into forecasts of species range

shifts in response to ongoing climate changes. We further briefly

discuss the issue of non-independence among species in hierarchical

trait-based SDMs. This work will contribute to an improved

understanding of how traits affect species distributions along

environmental and temporal gradients and facilitate the application

of trait-based SDMs at large scales under future climate change.

Introduction

The impacts of climatic changes and human activities on species
ranges have greatly increased the need to better forecast biodiversity
change (Urban, 2015; Pecl et al., 2017). Species distribution
models (SDMs) are one of the most important and widespread
tools for evaluating the consequences of global change on species
distributions and biodiversity (e.g. Urban, 2015; Peng et al., 2022;
Daru &Rock, 2023;Mi et al., 2023). However, despite more than
two decades of using SDMs, it remains unclear whether they can
accurately predict the impacts of global change on species
distributions and biodiversity (Zurell et al., 2009; Kissling
et al., 2012; Santini et al., 2021). In particular, most conventional
implementations of SDMs use only abiotic (environmental) factors
as predictors (we refer herein to such SDMs as ‘conventional

SDMs’). Thus, they donot account for the vast number of processes
throughwhich organisms interactwith one another and the broader
biota (e.g. biotic interactions, reviewed by Kissling et al., 2012;
species dispersal, reviewed by Bateman et al., 2013; evolution,
reviewed by Diamond, 2018; trait-based feedback, reviewed by
Benito Garzón et al., 2019).

Theoretical and empirical studies have demonstrated that traits
play an important role in determining the current and future
distributions of species and communities in the face of changing
environments (e.g. Grime et al., 2000; Grime, 2006; Gallagher
et al., 2013; Lopez-Iglesias et al., 2014; Pacifici et al., 2017;
Maharjan et al., 2021). Traits are characteristics of organisms that
affect individual demography by influencing their growth, survival,
and reproduction (Reich et al., 2003; Grime, 2006; Violle
et al., 2007). They may be categorized as morphological (e.g. leaf
size, plant height), phenological (e.g. timing of flowering), or
physiological (e.g. photosynthesis rate, plant hydrology), all of
which reflect adaptation to certain environments and are related to
fitness (i.e. reproduction, survival; Laughlin et al., 2020). There-
fore, the limited inclusion or, as in most cases, the complete lack of
traits in conventional SDMs may hinder their ability to accurately
predict the impacts of global change on species distributions
(Kearney & Porter, 2009; Pollock et al., 2012; Zurell et al., 2016).
We also note that the term ‘functional traits’ is also used in the
literature without distinguishing them from ‘traits’, so herein we
refer to all such ecologically relevant traits simply as ‘traits’.

The concept of integrating both traits and environmental factors
into SDMs was proposed nearly two decades ago (Westoby &
Wright, 2006; BenitoGarzón et al., 2019), and several reviews have
synthesized the theoretical foundations of such ‘trait-based’
approaches (e.g. Kearney & Porter, 2009; Laughlin & Laugh-
lin, 2013; Benito Garzón et al., 2019; Vesk et al., 2021; Green
et al., 2022). However, empirical applications of ‘trait-based
SDMs’ remain relatively uncommon compared to conventional
SDMs that include only climatic and other environmental variables
in defining habitat suitability. This gap likely stems from challenges
in selecting and measuring appropriate traits at broad spatiotem-
poral scales (Pollock et al., 2012).

To bridge this impasse, some recent investigations have
developed ‘process-based trait SDMs’ that explicitly incorporate
links between traits of organisms and their environments into
trait-based SDMs (Chuine & Beaubien, 2001; Kearney &
Porter, 2009; Briscoe et al., 2023). Process-based trait SDMs
significantly improve predictions under novel conditions (Higgins
et al., 2012), but they require detailed mechanistic information
about the relationships between traits, environments, and fitness
that are unknown or unquantified for most species (Chuine &
Beaubien, 2001; Vesk et al., 2021; Peng et al., 2024). Because
process-based trait SDMs are difficult to parameterize, they have
been applied to only a few species and have provided limited insight
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into forecasts of biodiversity change across large spatial, temporal,
and taxonomic scales.

‘Hierarchical trait-based SDMs’ that incorporate species’ traits
into conventional SDMs provide a general ecological reference for
how traits influence species distributions (Pollock et al., 2012;
Carboni et al., 2018; Vesk et al., 2021). Although these models are
still based on correlative relationships between species occurrences
and local environments, they offer a more biologically informed
framework for predicting species distributions and thus may
enhance predictive accuracy (Vesk et al., 2021).More importantly,
hierarchical trait-based SDMs are statistical rather than mechan-
istic. Thus, in contrast to process-based trait SDMs that are highly
data-intensive, hierarchical trait-based SDMs can leverage much
more available data (i.e. species occurrence and trait data) and are
more readily applicable across broad spatial and taxonomic scales
(Pollock et al., 2018; Peng et al., 2024). However, existing
hierarchical trait-based SDMs generally ignore intraspecific
variations and fail to accommodate climate-driven intraspecific
changes in trait expression, both of whichmay confer resilience and
increase individuals’ fitness under different climate conditions.

In this review, we first summarize the development of trait-based
SDMs and describe how to better integrate traits into SDMs using
hierarchical trait-based SDMs. We then provide new insights into
how to integrate trait–climate relationships into existing hierarch-
ical trait-based SDMs to incorporate intraspecific changes in the
expression of traits resulting from spatial and temporal shifts in
abiotic conditions (Fig. 1). We also briefly discuss the importance
of incorporating phylogenetic information, which accounts for
evolutionary relatedness, into hierarchical trait-based SDMs. The
motivation for our review builds on a recent effort to integrate plant
phenological responses to climate into hierarchical trait-based
SDMs and better forecast biodiversity change at large spatial,
temporal, and taxonomic extents (Peng et al., 2024). We also
compare predictions from our newly developed hierarchical
framework with those from the hierarchical trait-based SDMs
presented by Pollock et al. (2012).

A historical account of SDMs: inferring the ecological
niche and forecasting biodiversity

The theoretical underpinning of SDMs is rooted in the concept of
the ‘ecological niche’. The ecological niche has been defined in
many ways; in the context of SDMs, it is described as a
hypervolume in multivariate environmental space (sensu Grin-
nell, 1917; Hutchinson, 1957; Grime, 2006; Dallas & Ten
Caten, 2025). Indeed, SDMs are also called ecological niche
models. The implementation of conventional SDMs can be
divided into two sequential processes: first, model habitat
suitability (based on sparse species occurrence data) which is
assumed to reflect a species’ environmental niche; second, estimate
species’ current distribution and forecast their future geographic
occurrence of suitable habitats as a function of climate change (or
land-cover change) scenarios, which are then presumed to be
occupied by the species in the future (Kearney & Porter, 2009).

Studies have shown that conventional SDMs are generally
reliable in future ‘analog’ environments (e.g. Higgins et al., 2012).

Conventional SDMs assume that species’ distributions are in
equilibrium with environmental conditions (Guisan & Thuil-
ler, 2005) and that a species will occur whenever and wherever its
environmental niche exists at a specific location. In fact, many
species distributions are out of equilibrium with environmental
conditions, and limited dispersal ability of species or competitive
exclusion among species may exacerbate this disequilibrium under
future global changes and in ‘nonanalog’ environments (Loarie
et al., 2009; Pagel & Schurr, 2012). Biotic niche axes (e.g. axes
related to competitive interactions or prey size) also may affect
species’ responses to changing environments and thus contribute to
disequilibrium when using abiotic factors alone (e.g. Fordham
et al., 2018).These elementsmay overestimate the extent of suitable
habitats for a given species in future climates.

Another simplifying assumption of conventional SDMs is that
all individuals and populations within a species are identical and
will respond equivalently to changing environmental conditions.
In fact, species’ traits are neither static nor homogeneous in space or
time (Bolnick et al., 2011;Violle et al., 2014). It is well documented
that all species exhibit important phenotypic differences in
phenological, anatomical, morphological, and physiological traits
among individuals along environmental gradients (i.e. structured
variation; Hulshof et al., 2013; Anderegg, 2015), and even within
sex, size, and age (i.e. unstructured variation). Globally, intraspe-
cific variation accounts for c. 25% of the total trait variation within
communities and 32% of the total trait variation among
communities (Siefert et al., 2015). Intraspecific variation may be
the result of heritable differences between individuals (i.e. local
adaptation) or phenotypic plasticity in trait values (Dono-
hue, 2005; Willis et al., 2008; Valladares et al., 2014; Pritzkow
et al., 2020; Cope et al., 2021).

Phenotypic plasticity differs from local adaptation. Phenotypic
plasticity represents the ability of a single genotype to express
different phenotypes under different environmental conditions
(Nicotra et al., 2010; Gianoli & Valladares, 2012), whereas local
adaptation refers to the processes by which a population has
heritable traits that lead to a predominance of individuals with high
fitness within their local environment (Savolainen et al., 2013).
Phenotypic plasticity and local adaptation are ubiquitous and may
enable persistence (i.e. avoid migration and local extinction) of
individuals in the face of climate change (Valladares et al., 2014;
reviewed by Benito Garzón et al., 2019). Thus, the responses of
populations to climate change are likely to vary across the
geographic and temporal range of a species (Sultan & Spen-
cer, 2002; Benito Garzón et al., 2013; Park et al., 2019;
Ramirez-Parada et al., 2024). However, conventional SDMs do
not include the potential for the evolution of fitness-related traits or
plasticity that may accompany strong local environmental
variation.

Many recent studies have attempted to construct conventional
SDMs at the subspecies level to reflect intraspecific variation (Oney
et al., 2013) or to develop process-based trait SDMs that integrate
intraspecific trait variation into SDMs (Table 1; Chardon
et al., 2020). For example, O’Neill et al. (2008) suggested that
the differential growth responses of Pinus contorta associated with
genetic differences among populations would redistribute
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forecasted suitable habitats. Similarly, Higgins et al. (2012)
inferred a plant niche model based on physiological mechanisms
to support species distribution predictions. Finally, Chuine &
Beaubien (2001) included phenological response to climate in their
PHENOFIT model and concluded that phenology is a major
determinant of plant species ranges and should be used to assess the
consequences of global change on plant distributions.

The SDMs accounting for intraspecific variations are more
biologically realistic than conventional ones, and we assert that the
former are likely to provide more realistic estimates of species
responses to novel climates. However, these SDMs have two key
limitations. First, they rely only on intraspecific distribution data

(e.g. model each of the subspecies independently; Oney
et al., 2013), not data on phenotypic traits or plasticity itself
(Valladares et al., 2014).Nevertheless, subspecies-level distribution
data are often sparse or unavailable. Therefore, our ability to
understand the mechanisms underlying species’ responses
to climate change will be limited, as distribution patterns alone
may not capture functional differences or the adaptive potential
among individuals or populations. Second, process-based trait
SDMs that explicitly incorporate traits such as climate-dependent
phenology (Chuine & Beaubien, 2001; Morin et al., 2009),
physiology, or biophysics (Kearney & Porter, 2009; Higgins et al.,
2012) require well-designed and time-consuming experiments to

Fig. 1 Flowchart diagram of the next generation hierarchical trait-based species distribution models (SDMs) that integrate trait–climate relationships. R
code for each model section is also provided. Both individual-specific traits (often at point levels) and local environmental data serve as key initial inputs for
constructing trait–climate relationships mainly using linear mixed-effect models (LMMs). These relationships are modeled to generate predicted trait values
across species’ distribution ranges (often at the grid-cell level) under changing environmental conditions. The predicted trait values are then incorporated
into hierarchical trait-based SDMs as interaction terms with climate variables, enabling the prediction and forecasting of individual occurrence probabilities
under current and future environmental scenarios. Hierarchical trait-based SDMs use a single predictive model – here, a generalized linear mixed-effect
model (GLMM) – to simultaneously model multiple species, with species as random components. Given that the phylogenetic relatedness of unmeasured
traits may inflate Type I error rates in regression analyses, phylogenetic generalized linear mixed-effect models (PGLMMs) can be further used to evaluate
whether trait–climate interactions are confounded by shared evolutionary history.
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calibrate, validate, and understand the underlying causal relation-
ships among fitness, traits, and environments. These relationships
are species-specific, and such data are generally not available for
most species (Kearney&Porter, 2009;Vesk et al., 2021). Although
there continues to be a tremendous need for better experimentally
derived estimates of adaptation and plasticity, the species-by-
species approach required for such carefully planned experimenta-
tion makes scalability a challenge. Thus, better heuristic methods
are warranted for more rapid and biologically meaningful forecasts
of future species distributions.

Hierarchical trait-based framework: expanding
conventional SDMs to include traits

Hierarchical trait-based SDMs incorporate parameters that
account for the responses of multiple species to their environments
and allow traits to modulate species responses to different
environments (Gelfand et al., 2005; Dorrough & Scroggie, 2008).
Similar to conventional SDMs, hierarchical trait-based SDMs also
include simplifying assumptions (e.g. assuming equilibrium
distributions, ignoring dispersal limitation, Vesk et al., 2021).
However, compared to process-based trait SDMs, hierarchical
trait-based SDMs rely only on the statistical relationships (e.g.

typically linear) between traits, environment, and species occur-
rences. Moreover, by assuming commonality of species responses
and sharing statistical strength among species, hierarchical
trait-based SDMs use a single predictive model to simultaneously
model multiple species (Pollock et al., 2012). For example,
generalized linear mixed models (GLMMs; Jamil et al., 2013) can
include a hierarchical structure that defines interactions between
traits and environments. Such a framework enables the use of more
widely available data and allows even species with limited
occurrence records to be incorporated. Therefore, hierarchical
trait-based SDMs can facilitate the application of trait-based SDMs
across broad taxonomic scales and deepen our understanding of
mechanisms of how traits modulate species’ distributions along
large environmental gradients (Pollock et al., 2012; Vesk
et al., 2021).

Pollock et al. (2012) proposed a single coherent framework for
trait-based SDMs that integrates a hierarchical structure into a
GLMMto better accomplish the goal of integrating environmental
factors and biotically relevant traits. In general, the single-step
hierarchical trait-based SDMs proposed by Pollock et al. (2012)
can be split into two sections. The first is the relationship between
species distribution and climate variables. The second links the
parameters of species distribution–climate relationships to relevant

Table 1 Summary of representative plant studies using trait-based species distribution models (SDMs).

Model type Trait Spatial extent Conclusions References

Process-based Phenology North America Phenology is amajor determinant of plant species range and
can be used to assess the impacts of global warming on
plant distributions.

Chuine & Beaubien (2001)

Phenology North America Loss of species’ habitatwould bemitigated since predictions
account for local adaptation and trait plasticity of a species
to its local climate.

Morin et al. (2008)

Phenology North America Climate limits species distributionsmainly through its impact
on phenological processes.

Morin et al. (2007)

Physiological
characteristics

Europe Physiological models can be used to derive physiological
niche dimensions from species distribution data.

Higgins et al. (2012))

Correlative Specific leaf area
Root C, N content
Specific root length
Leaf C : N
Leaf dry matter
content

Leaf area
Seed mass

Russia Plant functional traits could be used as predictors for
forecasting changes in plant communities and their
associated ecosystem services in response to global
change.

Soudzilovskaia et al. (2013)

Biomass
Plant height
Leaf width

Central United States The assumption that species always respondhomogenously
to climate change is untenable.

Smith et al. (2017)

Specific leaf area (SLA)
Seed mass
Plant height

Australia SLA strongly modulates species response to rocky areas.
Tall plants are competitive in high light and high rainfall
conditions. Seed mass modulates species responses to soil
texture.

Pollock et al. (2012)

Specific leaf area
Seed mass
Plant height

France Non-nativeplantswith exploitative traits are less dependent
on human pressure, more efficient in resource-rich
environments, and better at avoiding competition from
natives.

Carboni et al. (2018)

Phenology Eastern United States The dynamic phenological responses of species may help
them adjust their ecological niches and persist in their
habitats as the climate changes.

Peng et al. (2024)
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traits (details in Box 1). In this model, trait × environment
interactions are treated as fixed effects while species identity is
included as a random component to explore species-specific
responses. Hierarchical trait-based SDMs typically do not include
traits as main-level effects because the hierarchical framework does
not expect traits to influence the overall probability of occurrence of
species. Rather, the assumption is that traits can modulate species’
occurrence along different environmental gradients (Fig. 2).

Most studies that applied hierarchical trait-based SDMs have
explored how traits influence species distributions along environ-
mental gradients (e.g. Jamil et al., 2013; Brown et al., 2014;
Pollock et al., 2018; Miller et al., 2019). Pollock et al. (2012), for
example, found that species with low specific leaf area (SLA) were
more likely to occur in sandy areas with high rock cover, whereas
heavier seeded species had a higher probability of occurring in
sandy soils. Similarly, Carboni et al. (2018) built a multispecies
hierarchical trait-based SDM, including the distribution of 10

nonnative species in French grasslands, and identified that tall
non-native species with high SLA were more efficient in
resource-rich environments and better at avoiding competition
from native species. Such models contain biologically relevant
information on links between species and modeled environments
and help to establish the role of traits and improve the ability of
SDMs to predict the current distributions of species (Vesk
et al., 2021).

Nevertheless, hierarchical trait-based SDMs are rarely used to
forecast future species distributions.Moreover, direct comparisons
between forecasts from hierarchical trait-based SDMs and those
from conventional SDMs under current and future climate
scenarios remain scarce (but see Peng et al., 2024). This lack may
be attributed to the fact that the trait values of individuals under
future conditions are difficult to determine. A major challenge in
hierarchical trait-based frameworks is how to apply SDMs that
incorporate traits whose adaptive or plastic responses can be

Box 1. Description of a standard hierarchical trait-based species distribution model (SDM) (Pollock et al., 2012)

The standard hierarchical trait-based SDMs can be described with the following four equations:

Pr Yij = 1
� �

= logit�1 a i½ � þ Sk i½ � � E
� �

Eqn B1

in which the response data Yij are observed presences or absences of species i in location j: In Eqn B1, the logit probability that species i occurs at the jth

location is equal to an intercept term a i½ � plus the product of amatrix of environmental variables (E), which has rows j representing the number of locations,
columns k representing the number of environmental variables, and a vector of coefficients, one for each of the environmental variables (Sk i½ �) (see Eqn B3).
The parameters a i½ � and Sk i½ � are modeled parameters that vary by species:

a i½ � � Normal μ,σð Þ Eqn B2

The submodel for a i½ � includes the parameter μ, which represents the average probability of occurrence (on a logit scale) among species, and the
parameter σ, which is the degree to which a given species departs from its average probability of occurrence. Sk i½ � are the partial regression coefficients
(slopes) that indicate the response of a given species to the relevant environmental variables. The sub-model for Sk i½ � is:

Sk i½ � =Bk i½ � þ Ckn � Traitsn i½ � Eqn B3

inwhich the estimate of Sk i½ � is calculated as the interceptBk i½ � plus the coefficientmatrixCkn and trait valuematrix for the n= 1, 2 . . ., n traits (Traitsn i½ �). The
elements Ckn are partial trait contributions to each species’ partial responses to each environmental variable, which describe how the trait matrix Ckn of n
traits in k environments modulates responses to environmental conditions across species. The intercept Bk i½ � is modeled as:

Bk i½ � � Normal U k½ �, τ k½ �
� �

Eqn B4

whereU k½ � indicates the average responseof species to environmental variables, τ k½ � is its variation, andBk i½ � indicates howmucheach species differs from the
overall expected responses to each environmental variable, given the species’ set of traits. The output of hierarchical trait-based SDMs involves
dimensionless estimates of habitat suitability or probability of occurrence.

Taking plant phenology as a simple example, the basic R code of a hierarchical trait-based SDM is as follows:
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modeled directly as a function of future projected climate change
and account for how traits may change through time in a given
geographic and environmental context.

Existing SDMs that have incorporated traits always assume that
individual traits are constant through time (e.g. Gallagher
et al., 2013). However, the traits of individuals should not be
considered fixed.Many commonfitness-related traits, such as plant
phenology (Chuine & Beaubien, 2001), seed size (Stanton, 1984),
and photosynthetic rates (Athanasiou et al., 2010), are sensitive to
environmental fluctuations and can acclimate rapidly or evolve in
response to climate change (Benito Garzón et al., 2019; Catullo
et al., 2019). Changes in trait space in response to climate change
may allow populations to expand their climatic tolerance beyond
their present realized niches (Valladares et al., 2014; Des Roches
et al., 2018), thereby reducing or even preventing the loss of their
geographic ranges. Because of phenotypic plasticity and adapta-
tion, trait values observed under current conditions cannot be fully
representative of those that will occur in the future. Therefore, the
problem of species distributional limits is not only an ecological
issue but may also be an evolutionary one, particularly in the
context of novel climates (Hoffmann & Blows, 1994; Kearney &
Porter, 2009; Colautti & Barrett, 2013).

Some process-based trait SDMs (e.g. Valladares et al., 2014) allow
trait values to change as a function of a changing climate based on
independently evaluated reaction norms (i.e. the patterns of
phenotypic expression of a single genotype across a range
of environmental conditions) and geographical variation (i.e. a

space-for-time substitution). The former needs to be
better parameterized to encompass the range of variation in
populations across a species’ range and to disentangle different
sources of trait variation (e.g. adaptive and plastic effects; Benito
Garzón et al., 2019). By contrast, it is difficult to split the phenotypic
variation of traits in the latter model type into the components of
phenotypic plasticity and local adaptation. Nevertheless, space-for-
time substitutions could implicitly include geographical (i.e.
population-level) variations in traits related to environmental
variables, and theoretically, they can include any biological traits
associated with species distributions while maintaining the statistical
simplicity of hierarchical trait-based SDMs under the premise of not
aiming to differentiate trait variation sources.

Traits in a changing world: the application of next-
generation hierarchical trait-based SDMs that
integrate trait–climate relationships

The aims of next-generation hierarchical trait-based SDMs include
understanding how traits shape species’ current occurrences and
examining how spatiotemporal variation in traits may mediate
species’ responses to future climate change. Characterizing trait–
climate relationships is an essential step towards integrating
spatiotemporal trait variations into hierarchical trait-based SDMs.
This process is motivated by the logic of space-for-time substitution,
whereby limited available trait values of individuals are first used to
establish trait–climate relationships using statistical algorithms
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Fig. 2 Conceptual diagram illustrating how trait–environment interactions drive species distributions. The upper row (a–c) represents a positive trait ×
environment interaction, while the lower row (d–f) represents a negative interaction. Yellow indicates the low end of the environmental gradient, and
green indicates the high end. In the case of a positive interaction (a–c), the probability of species occurrence increases with trait values under high
environmental conditions (a, green line). That is, high trait values are beneficial to the species’ probability of occurrence at the upper end of the
environmental gradient (b). By contrast, under low environmental conditions, the positive effect of the trait weakens, and in extreme cases, the relationship
may even reverse (yellow line in a), such that lower trait values become more advantageous to species occurrence (b). This pattern implies a trait effect on
species occurrence that switches sign along the environmental gradient, being negative at the low end and positive at the high end (c). In the case of a
negative interaction (d–f), the probability of species occurrence increases with trait values under low environmental conditions (d, yellow line). That is, high
trait values are beneficial to the species’ probability of occurrence at the lower end of the environmental gradient (e). On the contrary, under high
environmental conditions, the positive effect of the trait weakens, and in extreme cases, the relationship may even reverse (green line in d), such that lower
trait values become more advantageous to species occurrence (e). This suggests a trait effect on species occurrence that switches sign along the
environmental gradient, being positive at the low end and negative at the high end (f).
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such as generalized linear mixed-effect models, which are then used
to generate trait predictions across species’ distribution ranges and
through time. These spatially explicit trait predictions serve as key
inputs for hierarchical trait-based SDMs, enabling the integration
of trait variation into hierarchical trait-based SDMs and thereby
capturing species�specific responses across different time periods
(details in Box 2).

Modeling trait–climate relationships under different climate
spaces

Many algorithms based on the geographic variation of traits can be
used to quantify trait–climate relationships. These algorithms

include community abundance-weighted means (CWMs), linear
models (LMs), generalized linear models (GLMs) and generalized
additive models (GAMs), linear/generalized linear mixed-effect
models (LMMs/GLMMs), andmachine- or deep-learningmodels.
CWMs are only applicable at the community level, but others can
be applied at the individual level. LMs and GLMs are the simplest
ones, but GLMs allow for non-normal distribution ofmodel errors
(e.g. categorical trait). GAMs are more flexible and allow for
nonlinear relationships using smoothing functions. Machine- or
deep-learning models are also flexible, can incorporate large
datasets and many predictors, and offer powerful tools for
modeling complex and nonlinear relationships between traits and
climate variables (Culter et al., 2007; Sandel et al., 2021).However,
machine- or deep-learning models have not been used as widely as
other familiar statistical models. Linear/generalized linear mixed-
effect models (LMMs/GLMMs) are the most widely used because
of their ability to account for both fixed and random effects (i.e.
parameters associated with specific groups such as species). The
general form of an LMM (or GLMM) describing the relationship
between traits and environmental drivers is:

T1 = a0 þ b1x1 þ b2x2 þ b3x3 þ . . .þ bnxn þ β þ δþ ε

Eqn 1

where T1 is the individual’s value for a certain trait, a0 represents
the intercept, b1, b2, b3, . . . , bn are the coefficients of the
regression, x1, x2, x3, . . . , xn represent the fixed variables (and
their interactions) that may affect trait variations (e.g. climatic
variables, life forms), β refers to a matrix of covariates, δ is the
(matrix of) random effect(s), and ε is the model error. Eqn 1 allows
us to incorporate many species simultaneously and to quantify trait
variation across time and space.

Trait data often are spatially sparse and derived from scattered
field observations, herbarium specimens, or global trait databases
such as TRY (Kattge et al., 2011). However, when combined with
spatially continuous environmental variables, these data could
support robust models for predicting trait variation across species’
distribution ranges (e.g. grid cell level) under both current and
future climate scenarios, even in regions where direct trait
measurements are unavailable. These predicted trait values are
then incorporated into a hierarchical structure by enabling species’
responses to environmental gradients to vary as a function of their
traits, thereby exploring how traits mediate species’ responses to
environmental change.

Constructing hierarchical trait-based SDMs using predicted
trait values across species’ ranges to predict current species
distributions and forecast them into the future

Even in GLMM implementations, hierarchical trait-based SDMs
typically assume linear responses. Thus, GLMM implementation
extends the approach used in conventional SDMs, which relate
binary species occurrence data to environmental variables, by
incorporating predicted current trait values – based on the trait–
climate relationships across species’ distribution ranges – as inter-
action terms with climate predictors. The hierarchical framework

Box 2. Next-generation hierarchical trait-based species distribution

models (SDMs) that integrate trait–climate relationships

Standard hierarchical trait-based SDMs (Box 1) assume that individual
traits are constant through time and measured uniformly across species’
ranges. However, traits should not be considered fixed and often exhibit
strong intraspecific variation. Empirical trait data are typically spatially
sparse. To integrate the trait–climate relationship into hierarchical trait-
based SDMs, a trait–climate relationship is first constructed using these
spatially sparse trait data and the environment variables at each observed
location (often measured at a point locality). Trait values across species’
range (usually in a grid cell (raster)) are then predictedunder both current
and future climate scenarios.

Trait–environment modeling

Trait values observed at specific locations (e.g. points) are modeled as a
function of environmental predictors, including both fixed and random
effects to account for species, phylogeny, and so on

Trait v,j½ � = a0 þ∑
n
bmx m,j½ � þ β þ δþ ε Eqn B5

where Trait v,j½ � is the trait value of individual v at location j, x m,j½ � is the
value of the environmental covariatem at location j, bm is the regression
coefficient of environmental covariatem, β are optional covariates, δ are
random components, and ε is an error term with a known (or defined)
distribution.

Integrating predicted trait values into hierarchical trait-based SDMs

The fitted model (B5) is used to predict trait values across the species’
ranges under both current and future climates.

The original model (Eqns B1 and B3 in Box 1) is modified to be:

Pr Yig =1
� �

= logit�1 a i½ � þ Sk i½ � � E
� �

Eqn B6

Sk i½ � =Bk i½ � þ Ckn � Traits_predn i,g½ � Eqn B7

where the response data Yig are observed presences or absences of
species i at the grid cell g and Traits_predn i,g½ � represent predicted trait
values in a matrix with n= 1, 2 . . ., n traits of species i at the grid cell g.
When there are multiple traits, n> 1. The explanation of other
parameters is as described in Box 1.

Based on the estimated parameters in Eqns B6 and B7, we substitute
the predicted trait values and climate variables under future climate
scenarios into the model to forecast species’ probabilities of occurrence
under future environmental conditions.
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also includes random intercepts and slopes for species, thereby
capturing variations in baseline occurrence and in responses to
environmental variables among species (Eqns B1–B4 in Box 1).
Next-generation hierarchical trait-based SDMs thereby provide a
mechanistic basis for explaining current species distribution
patterns from a trait-based perspective and can be used to forecast
future probability of occurrence by substituting trait values
projected under future climate scenarios across species’ ranges.

Despite their flexibility, next-generation hierarchical trait-based
SDMs have several limitations. First, like most SDMs, they typically
assume linear relationships between species distributions and
environmental variables (Pollock et al., 2012; Vesk et al., 2021).
This may oversimplify ecological processes since species often exhibit
unimodal responses to environmental gradients (Hutchinson, 1957;
Austin, 2002; DeLong et al., 2023). Adding polynomial terms to a
hierarchical framework would allow for curvilinear responses and
better reflect real ecological phenomena, yet such extensions may
reduce model generality and require substantially more data (Austin
& Meyers, 1996; Jamil & ter Braak, 2013; Anderson et al., 2022).
Second, space-for-time substitutions assume that spatial variation in
traits can be used to infer temporal responses to climate change. For
example, species found in warmer, low-latitude regions tend to have
larger leaf sizes than those growing in cooler, high-latitude regions
(Wright et al., 2017; D. Li et al., 2020; Y. Li et al., 2020). Onemight
expect that leaf size in high-latitude populations will increase to levels
comparable to those observed in low-latitude populations, as the
former warms to temperatures currently experienced in the latter.
However, spatial variations in trait and temporal dynamics in trait
response often result from entirely different ecological and evolu-
tionary processes. Trait gradients observed across space typically
reflect long-term evolutionary history, species turnover, and
biogeographic constraints. By contrast, temporal responses involve
rapid trait changes within populations, driven by phenotypic
plasticity or genetic variation. Therefore, spatial trait differences
may not necessarily imply that a given population will exhibit the
same trait changes in response to future climate warming.

To better understand and project temporal trait responses, it is
crucial to establish large networks of common-garden and
reciprocal-transplant experiments across broad environmental
gradients to disentangle the relative contributions of different
sources of trait variations (e.g. phenotypic plasticity and local
adaptation) to species distributions and provide new insights into
assessing changes in the distributional range of individuals due to
climate change (Rehfeldt et al., 1999; Robson & Benito
Garzón, 2018; Benito Garzón et al., 2019). Despite recent
increases in large-scale common-garden and reciprocal-transplant
experiments, these efforts are still restricted to a limited set of taxa
and geographic regions (Robson & Benito Garzón, 2018).
Enhanced collaboration among research institutions and across
biogeographic regions will be critical in expanding both the
taxonomic scope and environmental representativeness of such
experimental frameworks. Importantly, differentiating between
phenotypic plasticity and local adaptation and integrating both
into hierarchical trait-based SDMs remains challenging, but
should be an important goal for future research. Such integration
would improve the explanatory power of hierarchical trait-based

SDMs and allow for the separation of short-term trait responses
driven by phenotypic plasticity from longer-term evolutionary
shifts due to local adaptation, thereby enhancing our capacity to
predict both the persistence and redistribution of species under
climate change.

A comparison between next-generation and standard
hierarchical trait-based SDMs: a case study of plant
reproductive phenology

Using over 120 000 herbarium specimens, Peng et al. (2024)
developed a novel framework that considered both intraspecific
variability in a trait and its dynamic responses in different climates
(‘next-generation hierarchical trait-based SDMs’). They compared
the predictions and forecasts of ‘standard’ hierarchical trait-based
SDMs proposed by Pollock et al. (2012) with those of the next-
generation hierarchical SDMs that integrate trait–climate relation-
ships as a function of current and future climate scenarios (Shared
Socio-economic Pathway 5–8.5 [SSP 5–8.5]) for 360 species in the
eastern United States. Plant phenology was adopted as an example
of a climate-sensitive trait that is also an important component of
fitness (Reekie & Bazzaz, 1987; Kozłowski, 1992) and may
contribute to changes in species distribution and abundance
(Primack, 1980; O’Neil, 1997; Chuine & Beaubien, 2001; Willis
et al., 2008). Peng et al. (2024) explored how plant phenology (e.g.
the day of year of peak flowering time) mediates observed species
geographic distributions along environmental gradients and affects
regional biodiversity patterns under future climatic change
scenarios. The results demonstrated that standard and next-
generation hierarchical trait-based SDMs yielded similar estimates
of current ranges but significantly different estimates of future ones.
Specifically, next-generation hierarchical trait-based SDMs that
included trait evolution under changing climates forecasted a
higher probability of occurrence in areas within the current range
and a lower probability of occurrence in areas located outside their
current range than did standard hierarchical trait-based SDMs
(Fig. 3). The differences between forecasts of standard and next-
generation hierarchical trait-based SDMs can be interpreted either
as resulting from strong phenotypic plasticity or local adaptation
(Richardson et al., 2017; Ramirez-Parada et al., 2024), both of
which could enable species to adjust their climatic niche and to
persist in situ. Importantly, this example illustrates that trait-based
SDMs, which accommodate changing trait spaces under different
climate conditions,may providemore conservative predictions and
less alarming results about the influences of future climate change
on species range loss.

Accounting for phylogenetic relationships in
hierarchical trait-based SDMs

Even next-generation hierarchical trait-based SDMs, which
incorporate both trait–climate relationships and trait–climate
interactions, generally ignore phylogenetic relationships among
species (Li et al., 2020) and thus may result in biased or
misleading inferences about trait–environment associations.
Phylogenetic niche conservatism refers to the tendency of closely
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related species to be more similar to one another in terms of their
ecological niches (Prinzing et al., 2001; Wiens & Dono-
ghue, 2004; Wiens & Graham, 2005), and phylogenetically-
related species may have similar trait values (see Davis
et al., 2010a,b). Statistically, if multiple traits affect species
occurrence (or abundance), the unmeasured traits with significant
phylogenetic signals (Harvey & Pagel, 1991; Blomberg
et al., 2003) would result in covariance of unexplained residual
variations, leading to inaccurate estimation and inflated Type I
errors when testing the significance of regression coefficients
(Garland et al., 2005; Revell, 2010).

Li et al. (2020) proposed phylogenetic generalized linear mixed
models (PGLMMs), which include a phylogenetic matrix, in
hierarchical trait-based SDMs to account for the non-
independence of species. However, the application of PGLMMs
is limited to phylogenetic ‘correction’ (Gallinat & Pearse, 2021): if
a trait shows a significant interaction with climate in a GLMMbut
loses significance in a PGLMM, this suggests that the trait has
limited explanatory power for species distributions beyond

phylogenetic constraints. However, existing PGLMM algorithms
lack predictive capacity and are not designed to forecast species
distributions. Hierarchical trait-based SDMs that do not incorpo-
rate phylogenetic information (i.e. the framework we summarized
in this paper) thus remain an effective approach for simulating and
predicting the influence of trait variation on species distributions
under future climate change.

Conclusions

Traits, in large part, determine species distributions. Compared
to conventional SDMs, trait-based SDMs better reveal how traits
mediate geographic distributions of species along environmental
gradients and how the resulting regional biodiversity patterns
may change as the climate continues to change. Hierarchical trait-
based SDMs overcome limitations of process-based trait SDMs
that require fine-scale, species-by-species parameterization of
plasticity or adaptation determined empirically and experimen-
tally. Hierarchical trait-based SDMs can also extend the use of

Fig. 3 Changes in species ranges forecasted by
conventional species distribution models (SDMs,
a, c) and hierarchical trait-based SDMs (b, d). The
maps compare the current and future
distributions (probability of occurrence) of
Trientalis borealis (Raf.) U.Manns & Anderb. We
classified future species distribution ranges into
three categories. Orange areas represent regions
currently occupied by T. borealis that are
projected to remain suitable in the future (i.e.
range persistence); blue areas represent regions
currently occupied by T. borealis that are
projected to have low suitability in the future (i.e.
range retreat); and yellow areas representing
regions currently unoccupied by T. borealis that
are projected to have high suitability in the future
(i.e. migration; range expansion). Future
forecasts are based on Shared Socio-economic
Pathways 5–8.5 (SSP5-8.5) scenario from the
average estimate of six General Circulation
Models (GCMs) in 2070.
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trait-based SDMs across very large spatial, temporal, and
taxonomic extents.

There are two critical points that motivated this review and that
need to be accounted for when using hierarchical trait-based
SDMs. First, individual traits are not fixed parameters. Rather, they
change through time and space as populations acclimate and adapt
to changing environmental conditions. Therefore, trait variation
must be modelled explicitly for different climatic spaces using
trait–environment regressions whose parameters are then incorpo-
rated in hierarchical trait-based SDMs. Second, traits are likely to
be shared among related species, but these traits may not have been
measured for all related taxa. Such unmeasured traits strongly affect
the covariation of residuals, whichmay in turn affect the estimation
and tests of the significance of regression coefficients. Therefore, to
avoid overfitting and inflated Type I error rates, hierarchical trait-
based SDMs ideally should explicitly incorporate phylogenetic
relationships among species as a random component. PGLMMs
are useful for assessing whether results are affected by phylogeny,
but they are not yet suited for predicting species distributions.

Finally, whether process-based or hierarchical, trait-based SDMs
so far have used only a small number of traits. More fitness-related
traits should be measured and incorporated into future SDMs.
International efforts to establish and promote interoperable trait
databaseswill, if successful, enable us to examine long-term changes
by multiple species traits and the resulting changes in biodiversity
patterns at large spatial and taxonomic scales.
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