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Abstract

Manipulating community assemblages to achieve functional targets is a key component of
restoring degraded ecosystems. The response-and-effect trait framework provides a
conceptual foundation for translating restoration goals into functional trait targets, but a
quantitative framework has been lacking for translating trait targets into assemblages of
species that practitioners can actually manipulate. This paper describes new trait-based
models that can be used to generate ranges of species abundances to test theories about which
traits, which trait values, and which species assemblages are most effective for achieving
functional outcomes. These models are generalizable, flexible tools that can be widely
applied across many terrestrial ecosystems. Examples illustrate how the framework generates
assemblages of indigenous species to (1) achieve desired community responses by applying
the theories of environmental filtering, limiting similarity and competitive hierarchies, or (2)
achieve desired effects on ecosystem functions by applying the theories of mass ratios and
niche complementarity. Experimental applications of this framework will advance our
understanding of how to set functional trait targets to achieve the desired restoration goals. A
trait-based framework provides restoration ecology with a robust scaffold on which to apply
fundamental ecological theory to maintain resilient and functioning ecosystems in a rapidly

changing world.



o1

52

53

54

55

56

57

58

59

60

61

62

63

64

65

66

67

68

69

70

71

72

73

74

Restoration goals and functional targets

The restoration of degraded ecosystems is one of the greatest environmental
challenges of the 21st Century (Dobson et al. 1997; Hobbs & Harris 2001). Changing land-
uses, novel disturbances, invasive species, over-harvesting, and climate change have led to
increasing rates of species extinction and habitat degradation, thereby reducing the capacity
of ecosystems to produce goods and maintain critical services (Chapin et al. 2000; Cardinale
et al. 2012). Society will inevitably place increasing pressure on ecologists to restore
functioning ecosystems and the services they provide (Suding 2011); however, there are still
many uncertainties about how to restore dynamic communities and ecosystems in an era of
rapid environmental change (Hobbs & Cramer 2008). This paper introduces quantitative trait-
based models that can be used to generate ranges of species abundances to test hypotheses
about which trait values and species assemblages will be most effective for achieving
functional restoration targets.

Ecological restoration, broadly defined, is the practice of assisting the recovery of
degraded ecosystems and therefore includes a wide variety of goals (Fig. 1). In cases of
extreme degradation, such as open-pit mines or channelized streams, the remediation and
rehabilitation of abiotic physical site characteristics is required before the biotic community
can be re-established (Hobbs & Cramer 2008). If the abiotic conditions of a site are relatively
intact, then restoration activities focus on manipulating the biotic community. Such
manipulations are done to achieve a broad variety of restoration objectives (Fig. 1). For
example, many government agency-based and community-based restoration projects target
the establishment of native plant cover to achieve conservation-oriented goals, such as

increasing wildlife habitat or replacing lost communities due to land-use change.
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The first step in restoring degraded ecosystems is quantifying the differences between
current conditions, desired future conditions, and the range of natural variability in ecosystem
structure, function, and composition (White & Walker 1997; Landres et al. 1999). The
concept of the ‘range of natural variability’ of community composition acknowledges that
native communities are dynamic across space and time and encompass a range of species
abundance distributions (Landres et al. 1999). Many ecologists have demonstrated that the
historical range of natural variability under pre-industrial human influence is an appropriate
target because it reflects the evolutionary environment that has shaped the adaptations of the
local species pool (Moore et al. 1999; Swetnam et al. 1999).

Using history as a frame of reference has been challenged because it is difficult to
justify the choice of a specific time period in history when many landscapes have experienced
centuries of human modification (Thorpe & Stanley 2011). Moreover, climate change and
other significant global change processes (e.g., nitrogen deposition) are making historical
ecosystem conditions less relevant (Harris et al. 2006; Millar et al. 2007; Choi et al. 2008;
Hobbs et al. 2009). Changing biotic and abiotic conditions are forcing ecosystems across
thresholds into alternative stable, novel states that have not been witnessed in human history
(Suding et al. 2004; Quétier et al. 2007; Hobbs et al. 2009). There are circumstances when
historical ecosystems are still useful references because they may be resilient to predicted
future changes (Fulé 2008), but, in general, these new challenges have raised the stakes and
heightened the importance of deciding how we set targets in restoration projects. The
objectives of ecological restoration are evolving into more complicated, forward-looking
goals of maintaining resilient assemblages and ecosystem functions in environments that may
have no historical analog (Suding 2011).

Restoration practitioners require rigorous, theory-based approaches to restore

degraded ecosystems under novel conditions. Increasing emphasis is therefore being placed
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on defining functional targets for maintaining vital ecosystem processes and for responding to
changing abiotic conditions, rather than on restoring historical assemblages that may not
survive in a rapidly changing world (Hobbs & Cramer 2008; Seastedt et al. 2008; Jackson &
Hobbs 2009). Functional traits and functional diversity metrics can be used to evaluate
functional responses to restoration projects (van Bodegom et al. 2006; Sandel et al. 2011;
D’Astous et al. 2013; Hedberg et al. 2013). Translating restoration goals into functional trait
targets can be accomplished by viewing ecosystem restoration as a process of reassembly
(Funk et al. 2008) that, in turn, has important consequences for ecosystem functioning
(Lavorel et al. 2013).

The ‘response-and-effect trait framework” (Suding et al. 2008) provides a conceptual
foundation on which to ground a trait-based restoration ecology because it unifies the
processes of community assembly and biodiversity effects on ecosystem function (Fig. 1).
Response traits are functional properties that determine the response of organisms to
environmental conditions, such as resource availability and disturbance. Response traits
influence how communities are assembled via environmental filtering and species
interactions (Fig. 1, Table 1). Environmental filters determine which species from the
regional species pool can survive in the given environmental conditions (Keddy 1992;
Fattorini & Halle 2004; White & Jentsch 2004). Environmental filters select for functional
traits that promote fitness and select against traits that yield poor performance, so restoration
projects can target trait values that will optimise fitness. Under this framework, assemblages
of species with strategically-chosen functional traits may establish more successfully and be
more able to adapt to changing environmental conditions than historical assemblages.
Applying the theory of environmental filtering has enabled practitioners to select the most
appropriate species in order to enhance germination, establishment, growth and reproduction

(Pywell et al. 2003; Jentsch 2007; Brudvig & Mabry 2008; Roberts et al. 2010), and will
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improve our understanding of the long-term dynamics of restored communities (White &
Jentsch 2004). Manipulation of environmental filters can also be used to eliminate non-native
species (Funk & McDaniel 2010). Abiotic conditions are rapidly changing around the planet,
which means that historical filters will no longer be operating in the same manner (Harris et
al. 2006). Climate-change induced tree mortality and shifts in functional composition are
already occurring at a global scale (Allen et al. 2010), so restoration ecology needs to
determine how the filters are changing, in order to maintain functioning ecosystems of
indigenous species into the future.

Response traits also influence the outcome of biotic interactions (e.g., competition)
that impose additional filters within communities (Fig. 1, Table 1). Two theories in particular
use traits to make predictions about the outcome of competitive interactions: limiting
similarity and competitive hierarchies. The theory of limiting similarity originally sought to
explain how multiple species can coexist by partitioning resources via niche differentiation
and is guided by the principle of competitive exclusion (MacArthur & Levins 1967). Under
this theory, species that are functionally similar cannot stably coexist. Limiting similarity has
been proposed as a theory to apply when restoring ecosystems that have been invaded by
non-native species (Table 1) (Funk et al. 2008). Numerous theories seek to explain why some
species can be so invasive outside their native range, including enemy release, altered
disturbance regimes, resource availability, and the functional traits of the invader, to name a
few (Keane & Crawley 2002). If a non-native species is invading a native habitat of high
conservation value, one potential management strategy is to increase the abundance of native
species that are functionally similar to the non-native species (D’ Antonio & Chambers 2006;
Funk et al. 2008). Assuming that functional traits are reliable proxies for comparing resource
acquisition and utilization, managers may be able to seed or plant native species with trait

values that are optimally similar to the invader to competitively exclude the invader. On the
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other hand, competitive hierarchies may also drive species interactions (Table 1) (Keddy &
Shipley 1989). Rather than trait similarity, it may be that certain trait values are always more
competitive than others. For example, taller species may consistently outcompete shorter
neighbours for light (Keddy & Shipley 1989), or species with high wood density and high
specific leaf area (SLA) may have stronger competitive effects on neighbours with lower
wood density and SLA (Kunstler et al. 2012). In these instances, native species with these
more competitive trait values can be selected to exclude non-native species.

Effect traits are functional properties that determine the effect of organisms on
ecosystem functions, such as biogeochemical cycling (Fig. 1, Table 1). Awareness of plant
species effects on ecosystem processes is rapidly increasing, and the role of plant traits is
central to this understanding (Kardol & Wardle 2010). Plant traits have been shown to
influence primary production, litter decomposition, soil respiration, nutrient cycling, and soil
moisture retention (Eviner & Chapin 2003), and their potential for altering ecosystem
processes in desirable ways has not yet been fully exploited in ecological restoration projects.
Effect traits are not always mutually exclusive from response traits (Lavorel & Garnier 2002;
Funk et al. 2008), but their conceptual distinction is useful when setting restoration targets.
Two hypotheses have been proposed to explain how communities drive ecosystem processes.
Mass ratio theory proposes that plant species effects on ecosystem processes are in proportion
to their relative input to primary production and are therefore driven by the traits of dominant
species (Grime 1998). Diversity theory proposes that the range of functional traits in a
community positively affects ecosystem functioning through complementary use of resources
(Cardinale et al. 2012) (Fig. 1, Table 1). Tests of the relative importance of each mechanism
indicate that both are important, depending on the function and the ecosystem (Diaz et al.
2007; Laughlin 2011). Mass ratio effects and functional diversity effects may also be

complementary mechanisms. For example, average leaf nitrogen concentration and
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complementarity of rooting depth may enhance productivity simultaneously. A framework
for translating trait diversity, and not just trait means, into species abundance distributions is

clearly needed.

Operationalising the response-and-effect trait framework

Applying the response-and-effect trait framework to achieve quantitative functional
targets in ecological restoration is currently hindered by a straightforward mechanism of
translating functional trait targets into species assemblages that can be manipulated by
practitioners. Ecological restoration projects have historically selected species based on
categorical tables of habitat requirements (e.g., mesic vs. xeric, shade vs. sun), uses (e.g.,
wildlife uses, conservation value, horticultural value, livestock grazing), and ecosystem
functions (e.g., adds nitrogen, retains nitrogen) (e.g., Packard and Mutel (1997)). Restoration
practitioners have a wealth of practical experience for choosing species in restoration projects
based on years of trial and error (Rosenthal 2003; Padilla et al. 2009) and they already use
traits implicitly when they choose species with physiological adaptations to match particular
environmental conditions (Ehleringer & Sandquist 2006). Deriving lists of species in this way
has proven useful in practice over the years for establishing native plant cover and achieving
conservation-oriented goals. However, this classic approach does not allow for a rigorous
quantification of specific functional trait targets and the derivation of species abundance
distributions that will achieve such targets, and it does not inform restoration under novel
conditions because it is less predictive in nature.

Land managers do not explicitly manage functional traits because these are properties
of the organisms that they are managing. As such, managers also do not directly manage
functional diversity metrics (e.g., FDiv or RaoQ) or community-weighted mean traits (i.e.,

community-level mean trait values weighted by the relative abundance of species), but they
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are experts at managing species abundances. Therefore, in order to operationalise the
response-and-effect trait framework for ecological restoration, a quantitative mapping from
functional trait targets onto species assemblages is required to enable restoration practitioners
to make specific manipulations of species abundances to achieve a functional outcome.

Quantitative frameworks can move ecological restoration forward from a practice that
relies on simple lists of candidate species to one that can target specific species abundance
distributions based on functional traits. Different relative abundance distributions derived
from a common list of species can produce communities with strongly contrasting
community-level mean traits, so paying careful attention to abundance distributions is critical.
Generalizable trait-based models are necessary because they can generate abundance
distributions for any number of species using any number of traits. Suppose that a restoration
project has decided that the restored community should have low specific leaf area (SLA)
values to maximise survival in an increasingly stressful environment. It is relatively straight-
forward to rank species from a regional pool based on their SLA values and then select
species from the list that have low SLA. But suppose the practitioners wish to select species
according to multiple traits simultaneously (e.g., low SLA, high wood density, and early
flowering times) that may be independent from each other (Eviner & Chapin 2003). This
selection is not always straightforward, especially when the species pool is large. Quantitative
frameworks operationalise this process to determine which species meet these multiple
criteria.

Recently proposed trait-based models of community assembly have potential to be
very useful in restoration ecology for translating trait-based targets into ranges of species
abundances (Laughlin & Laughlin 2013). As they are currently formulated, these models
produce discrete relative abundance distributions, i.e., proportional abundances for every

species in a regional species pool in a given environment (Shipley et al. 2006; Laughlin et al.
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2012). However, ecological communities are not static (White & Jentsch 2004) and rigid
restoration targets, such as discrete relative abundance distributions, are unachievable and
unrealistic considering the range of variability that exists in nature (White & Walker 1997).
Trait-based models in their current form need to be modified to be more appropriate for
restoration and management.

Two mathematical models can be applied to derive ranges of species abundances that
meet functional trait targets. The first model uses mean trait values and uniformly samples
solutions from underdetermined systems of linear equations to obtain a range of species
abundance distributions. The mathematical formulation of this model is described in Box 1
and is a modification of the CATS model (Shipley et al. 2006). The trait targets serve as the
constraints on the right-hand sides of the linear equations (Box 1). The second model uses
full trait distributions (i.e., mean and variance-covariance) and applies Bayes Theorem and
Monte Carlo integration to obtain a range of species abundance distributions. The
mathematical formulation is a modification of the Traitspace model (Laughlin et al. 2012)
and is described in Box 2. The trait targets are distributions of trait values, which
acknowledges that there is a range of variability in appropriate functional trait values and
takes intraspecific trait variability into account.

To apply these models, restoration goals need to first be translated into functional trait
targets (Fig 1, Fig. 2, Table 1). Setting realistic goals with clear targets is fundamental for any
restoration and management project. Targets are quantifiable values that can be monitored to
evaluate whether the goals of the restoration project have been achieved (Hobbs & Norton
1996). In this framework, the targets are trait values (either mean trait values or full trait
distributions) for a community that are chosen to either optimise the response of the
community to an environmental condition or to optimise the effect of the community on an

ecosystem process. For example, if the goal of the restoration project is to apply the theory of
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environmental filtering to restore a community that is resilient to climate change, then the
trait targets are values of the traits that will maximize fitness and performance under
projected future climate scenarios (Table 1, Fig. 2). Achieving a trait target by successfully
manipulating a community to have the desired traits implies that a functional objective is
being met; however, whether the particular functional objective is actually being achieved
requires experimental testing. We are still learning which specific trait values achieve such
goals.

The quantitative framework can be used to generate testable hypotheses about which
traits, which trait values, and therefore which species abundances will be most effective at
achieving the functional targets of a restoration project by generating different communities
that meet different trait targets. Applying these models under experimental conditions will
enhance our ability to set appropriate trait targets to meet specific restoration objectives.
Consider a hypothetical scenario where a species pool is comprised of nine species that are
evenly distributed throughout a two-dimensional trait space (Fig. 2). Suppose that not enough
is known about the ecosystem and process under consideration to choose specific trait values
as targets. Perhaps we wish to determine which traits will yield optimum fitness under future
climate change scenarios. In these cases, the experimenter can select multiple trait targets to
test their effectiveness, and for each of the selected trait targets we can derive distinct
community assemblages (Fig. 2). The effectiveness of these targeted trait values for
achieving a functional outcome can then be monitored over time in a variety of experimental
conditions (e.g., ambient vs drought conditions) (Fig. 2). Experiments such as these will
advance theory-driven restoration ecology to enhance our capacity to restore dynamic
ecosystems in an era of rapid environmental change. The use of this framework will now be
described using four real-world examples where ecological theories can be applied to achieve

functional targets.
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Applications of quantitative trait-based models in restoration ecology
Applying environmental filters to determine future restoration targets

Environmental filters can be applied to restore assemblages of species that are adapted
to a set of environmental conditions (Fattorini & Halle 2004). If high-quality relict sites can
be used as reference conditions for a restoration project, then the trait values present in the
relict community can potentially be used to generate species abundances for the restored
community (Fig. 1). This approach would be similar to the traditional approach of using the
composition of the relict site as the target, but would differ in that the targets are trait values
and that a variety of species abundance distributions could meet a single trait target (Fig. 2).
In theory, functional trait targets should increase the flexibility of restoration projects because
a range of species assemblages can meet a single functional trait target. However,
environmental conditions are being altered by agents of global change, and so a progressive,
forward-thinking restoration goal would seek to restore an indigenous community that is
resilient given the predicted changes in climate in the coming century (Fig. 1) (Suding 2011).

Consider the case of the semi-arid south-western USA, where the effects of climate
change are already inducing landscape-scale changes in tree mortality rates, community
structure and disturbance regimes (Breshears et al. 2005; Westerling et al. 2006). Currently,
the forests surrounding Flagstaff, Arizona are dominated by Pinus ponderosa (ponderosa
pine), but land managers are interested in how these forests will respond to climate change
stressors. A trait-based model was used to determine how traits were filtered by temperature
across this region and showed very predictable relationships between temperature and four
traits in particular: wood density, flowering time, maximum height and bark thickness
(Laughlin et al. 2011). As the climate changes, we would expect that the trait values that

optimise fitness will also change, thereby altering population dynamics and community
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structure. By anticipating which traits will optimise establishment, growth, survival, and
reproduction under projected future conditions, we can predict which species will be best
adapted to persist in the changing environment. By promoting the establishment of such
species we can minimise the extent of forest crown die-off events and maintain woodland
cover on the landscape. As mean annual temperature is expected to rise around Flagstaff from
the current 7.5 °C to a future scenario of 10 °C, we can predict how the optimum trait value
will change. We can predict that optimum bark thickness in the future will remain thick
because fires will still be very likely to occur and perhaps increase in frequency (Laughlin et
al. 2011). Flowering date is expected to become earlier given the longer growing seasons and
maximum height is expected to decline because water availability will be reduced. Wood
density is expected to become slightly greater given the increased frequency of drought
(Hacke et al. 2001). These expected trait values can be used as the constraints on the right
hand side of Equation 1 to generate communities that may be more resilient to climate change
(Box 1; see Appendix S1 in Supporting Information for R scripts to run this analysis).

Solving these systems of linear equations yields an infinite set of possible solutions
because there are far fewer traits than species in the system (i.e., it is underdetermined). Since
there are nine species, four trait constraints (Eqn 1), and one normalization constraint (Eqgn 2),
the solution is a four-dimensional (i.e., 9 - 4 - 1 = 4) hyperplane embedded within a nine-
dimensional space. The MCMC samples of the solutions (i.e., the species abundances)
obtained from the limSolve package are plotted as boxplots for each species in Fig. 3. By
plotting the MCMC samples of the solution space we are able to determine a range of species
abundances that reflects the mapping from functional traits to community composition using
a system of linear equations.

The current conditions indicate that the trait values are optimum for a ponderosa pine-

dominated forest (Fig. 3a), which validates the proposition that the range of variability of
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community composition predicted by the model matches the reality of current forest
conditions. Many sites in the southwestern USA have been severely degraded following
stand-replacing fires and could convert to grasslands without active management (Savage &
Mast 2005). If managers want to plan ahead for these sites and promote tree species that will
be resilient to a warmer climate and that will maintain the structural element of a forest for
maximising carbon storage, then, in addition to ponderosa pine, the species that reflect
optimum trait values in the warmer climate include Juniperus monosperma (one-seed
juniper), Juniperus osteosperma (Utah juniper), and Pinus edulis (pinyon pine) (Fig. 3b).
Note that Pinus ponderosa is still predicted to be a dominant species, which suggests that a
gradual transition is a reasonable objective for managing this ecosystem with the future in
mind. Moreover, in overstocked ponderosa pine forests slated for restoration thinning and
burning (Moore et al. 1999), land managers may want to passively allow or, in some
transitional areas, actively promote the advancement of pinyon-juniper woodland species into
thinned forests to enable the community to be resilient and able to respond to predicted future
conditions (Millar et al. 2007).

The framework, as described in Box 1, uses a model where community-weighted
mean traits are regressed on environmental conditions in order to obtain optimum trait values
from a single forecasted value of an environmental variable (e.g., mean annual temperature).
Rather than finding solutions for a single mean environmental condition, one can also 1)
include additional environmental variables, such as soil properties or vapour-pressure deficit,
or 2) expand the range of environmental conditions. In the case of the latter, rather than
determining the range of species abundances that satisfies trait constraints that optimise
fitness at 10 °C exclusively, one can explore the solutions that span a range of temperatures
from 9 to 11 °C by solving and sampling the solution sets at 0.1 °C intervals. This approach

acknowledges that future environmental conditions themselves are uncertain, which will
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influence the range of traits that promote high performance, which will influence the
abundances of species that will satisfy those trait constraints.

Setting functional targets that are relevant for future conditions requires a
fundamental understanding of how traits are filtered by the environment, and how those traits
might interact in novel conditions. Determining functional trait targets that will be optimal for
a future environment can be estimated by applying existing models of current trait-
environment relationships, as done in this example here. These approaches differ from simply
looking at the composition of communities from warmer climates because projections under
climate change do not look like simple up-slope shifts in species response curves (Laughlin et
al. 2011). This is because some environmental conditions are changing (e.g., temperature),
while other conditions will remain the same (e.g., soil texture), and the interaction of all these
conditions will influence the predicted optimal trait value in a changing climate. In some
places of the world there may be no analogs that can be used as direct community
comparisons because of novel abiotic conditions and species pools (Hobbs et al. 2009), hence
the critical need for theory-driven approaches and experimental tests of which traits achieve
desired responses and effects. Applications of this restoration approach will likely be most
successful if multidisciplinary teams of restoration practitioners, ecologists, ecophysiologists,
and climatologists work together to develop, test, and validate these future functional targets.
Restoration goals under climate change will also include objectives such as maximising
carbon storage or maintaining key structural features of an ecosystem. Determining optimum
functional targets for the future may be one of the most important empirical challenges facing

restoration ecologists.

Applying competition theories to exclude non-native invaders
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The theory of limiting similarity has recently been enlisted in the battle against non-
native species invasion (Fig. 1, Table 1). One potential restoration activity to reduce non-
native invasion is to strategically increase the abundance of native species that are
functionally similar to the non-native species (D’ Antonio & Chambers 2006; Funk et al.
2008). Selecting native species based on a single trait, such as growth rate or plant height, is
straightforward. However, using a system of linear equations is more efficient when using
multiple functional traits simultaneously, and they have the additional advantage of
producing species abundance distributions (Box 1).

Consider the case of Linaria dalmatica (Dalmatian toadflax), a non-native forb that is
invading understories of forests in the Southwestern United States (Dodge et al. 2008). The
theory of limiting similarity is linked to resource use, so the most appropriate traits for
consideration are response traits (Funk et al. 2008). One hundred and fifteen native
herbaceous species in this ecosystem were systematically screened by measuring the
following functional response traits: maximum height, leaf area, leaf dry matter content,
specific leaf area, specific root length, seed mass, flowering time, flowering duration, leaf
carbon (C) concentration, leaf nitrogen (N) concentration, leaf phosphorus concentration, root
C concentration, root N concentration, leaf §'C, and leaf §*°N (Laughlin et al. 2010). In this
example, all response traits are used, but this framework can be used to test hypotheses about
which traits are most effective when applying competition theory in this context.

By applying the framework described in Box 1 (see Appendix S1 for R code), it was
determined that a combination of two dominant species, Penstemon barbartus (red
penstemon) and Laennecia schiedeana (pineland marshtail), in addition to other less
abundant species (e.g., Bahia dissecta, Chenopodium fremontii, Muhlenbergia rigens) would
combine to create a native community with optimally similar trait values as Linaria

dalmatica (Fig. 4). These species are intuitively appealing because they are known as
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competitive, fast-growing, fecund native species (Laughlin et al. 2010) that can match the
competitive nature of Linaria dalmatica. Restoration practitioners could seed these five
species into invaded communities in combination with control measures as a mechanism to
competitively exclude toadflax.

Understanding how traits of invasive species influences their success is an active area
of research (Pysek & Richardson 2007; Van Kleunen et al. 2010). This application of
ecological theory has not been rigorously tested in an experimental context, and some have
recently questioned the use of functional traits for understanding invasion success (Thompson
& Davis 2011). Moreover, others have questioned the use of trait similarity for predicting
competitive interactions in a restoration context (Abella et al. 2012), and others have shown
that trait hierarchies are better predictors of competition (Keddy & Shipley 1989; Kunstler et
al. 2012). The framework can be used to test these theories by generating communities based
on different trait targets, where trait targets for limiting similarity are the traits of the non-
native invader, whereas trait targets for competitive hierarchies would be different from the
invader and values would need to be based on previous empirical work. For example, if the
invader was short-statured with low SLA values, then a taller native species with higher SLA
could potentially be a stronger competitor. Identifying native species that can out-compete
non-native species based on their functional trait values would enhance our capacity to
manage degraded ecosystems.

Another challenge with the application of competition theories is how to approach
systems that are invaded by multiple species that differ functionally. One option would be to
apply the framework on each species separately to derive two sets of species for use in
stemming the invasion. For example, the top five species chosen to competitively exclude
another problematic invasive weed, Centaurea diffusa (diffuse knapweed), includes two of

the five species (Laennecia schiedeana and Penstemon barbatus) that were chosen to exclude
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Linaria dalmatica. But such overlap will not always be the case, making species selection
potentially problematic in cases of multiple invasions. Additionally, dominant natives may
have negative effects on other native species. Moreover, selecting vigourous native species to
exclude invasives may lead to a functionally redundant community dominated by just a few
species, which may conflict with other targets of maintaining functionally diverse
communities. These challenges reflect a common problem of conflicting objectives within
ecosystem management (Mendoza & Martins 2006). Ecologists should carefully evaluate the
trade-offs when applying these theories to meet specific management objectives, and to

acknowledge that not all targets can be achieved everywhere simultaneously.

Applying mass ratio theory to influence ecosystem processes

Effect traits govern how species influence ecosystem processes and the linkages
between aboveground and belowground components is an important aspect of ecosystem-
based ecological restoration (Kardol & Wardle 2010). Soil properties impose important
constraints on ecosystem restoration (Dobson et al. 1997; Suding et al. 2004), and in some
cases these properties can be altered through strategic manipulation of the plant community
(Fig. 1). Effect traits can influence the soil microclimate, pH, organic matter content, rates of
nutrient cycling, microbial biomass, water infiltration, water-holding capacity, and soil
cohesion (Eviner & Chapin 2003). The mass ratio theory proposes that plant community
effects on ecosystem processes and properties are driven by the traits of the dominant species
(Grime 1998). For example, plant communities dominated by species with acquisitive leaf
economics traits (e.g., high leaf N concentration and short leaf life span) are associated with
soils that have higher N transformation rates (Orwin et al. 2010). Mass ratio theory assumes a
linear impact of abundance-weighted traits on ecosystem processes, but non-additive and

threshold responses are also common, and sometimes low biomass species have
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disproportionate effects on function (Diaz et al. 2007; Peltzer et al. 2009). This framework
can be used to empirically test where these thresholds lie along gradients of community-level
trait values or community composition. It is not clear how to operationalise non-additive
effects into the general framework proposed here. This is certainly an important challenge for
theoretical ecology.

Consider an example where the objective of the restoration project is to slow rates of
internal nutrient cycling. This objective could be useful for slowing invasions of resource-
demanding non-native species or for returning soil properties to a lower nutrient state
following excessive N deposition. Native species in northern Arizona with low SLA and high
leaf dry matter content (LDMC) have slower rates of litter decomposition (Laughlin et al.
2010) and are associated with soils with low nitrification potential (Laughlin 2011). Eight
native graminoids demonstrate this broad range of leaf trait variation among and within
species (Fig. 5a). Unlike the system of linear equations, a modified version of the hierarchical
Bayesian Traitspace model can utilize intraspecific trait variability to translate functional trait
targets into ranges of variability of species abundances (Box 2).

To slow nutrient transformation rates, the restoration practitioner would target a range
of low SLA and high LDMC trait values because these trait values are associated with low
leaf nutrient concentrations. This simple example is limited to two strongly correlated traits,
but the framework can handle as many independent traits as are required to achieve
ecosystem multifunctionality (Fig. 2) (Eviner & Chapin 2003). Model results (see Appendix
S1 for R scripts) indicate that seeding or planting swards dominated by Muhlenbergia
montana (mountain muhly), Carex geophila (ground-loving sedge), and Sporobolus
interruptus (black dropseed) would maximise success of achieving slower decomposition and
nutrient transformation rates based on these species intra- and interspecific variation of SLA

and LDMC (Fig. 5b). Successful application of this theory was demonstrated experimentally
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in a different ecosystem where manipulations of species assemblages according to variation
in leaf functional traits had significant influence on rates of nutrient cycling (Orwin et al.
2010).

Using effect traits to influence ecosystem processes requires that species with the
desired effect traits must also possess response traits that allow them to persist and compete
in the environmental conditions of the site (Lavorel et al. 2013). Resources will be wasted if
plants with the desired effect traits are seeded or planted only to be eliminated by the
environmental filters. The above example where mass ratio theory was applied may prove
difficult given that high SLA species may invade and become dominant in the high nutrient
soils, so control measures may be needed to successfully establish the low SLA species.
Careful selection of species with desired effect traits and appropriate response traits will be
required (Funk et al. 2008; Lavorel et al. 2013). These trait-based models can be used to
determine which species may possess such a combination of traits, i.e., one can derive species

abundances based on any combination of response and effect trait values.

Applying diversity theory to influence ecosystem processes

Experimental evidence suggests that, in some ecosystems, high functional diversity
can increase average rates of some processes, such as primary productivity (Cardinale et al.
2012). Increasing primary productivity to provide forage for higher trophic levels can be an
important restoration goal. The mathematical formulations of the trait-based models
emphasise environmental filtering over niche complementarity and so naturally yield species
abundances that reflect trait convergence over divergence (Laughlin & Laughlin 2013).
Simple modifications to the Bayesian framework can translate functional trait diversity
targets into species assemblages (Box 2). Functionally diverse communities are often

characterised by dominant species having contrasting trait values (Mason et al. 2005).
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Therefore, to generate functionally divergent communities it is necessary to constrain the
species abundances by trait values located at multiple locations along the trait axes, rather
than constraining by a single optimal trait value. Systems of linear equations cannot elegantly
accommodate multiple trait value constraints for the same trait, whereas the Bayesian
framework can develop probability density functions for any desired multi-modal trait
distribution (Box 2). Importantly, in the circumstances where mass ratio effects and niche
complementarity act in concert, this framework can simultaneously accommodate single
mean values for traits predicted to act through mass ratio effects, and multiple values for
traits predicted to act through niche complementarity.

To derive a functionally diverse community from the pool of eight Arizona grass
species, trait values were simulated from a bimodal trait distribution where the modes were
located toward the ends of the leaf trait spectrum (Fig. 5a). The model results indicate that
seeding or planting swards dominated by Muhlenbergia montana (mountain muhly), Festuca
arizonica (Arizona fecue), and Bromus ciliatus (fringed brome) will establish a functionally
diverse community (Fig. 5¢). For confirmation that this community is more functionally
diverse, note that the functional diversity indices of the community in Fig. 5c are larger than
the functional diversity indices of the community in Fig. 5b. Monitoring the effectiveness of
functionally diverse communities on ecosystem processes is important. When restoring
naturally low diversity ecosystems, such as salt marshes, the short-term positive effects of
diversity on ecosystem function may disappear in the long-term when productive species rise
to dominance (Doherty et al. 2011). This framework can be used to test when niche

complementarity can be useful in restoration contexts (Srivastava & Vellend 2005).

Concluding remarks
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Both of these mathematical models (Boxes 1 and 2) could be used to determine ranges
of species abundances that meet functional trait constraints in the application of the theories
of environmental filtering, limiting similarity, competitive hierarchies, and mass ratio theory
(Table 1). However, only the Bayesian framework can be applied to generate species
abundances to increase functional diversity because it can accommodate multimodal trait
distributions (Mason et al. 2005). The system of linear equations may be more pragmatic in
cases where only mean trait values are available for each species. If intraspecific trait
variation is thought to be particularly important, then the Bayesian framework would be more
useful. Trait data is becoming more available at both inter- and intraspecific levels, which
may enable restoration ecologists and practitioners to apply these approaches without needing
to measure primary trait data themselves (Kattge et al. 2011). Given the increasing
availability of trait data, it would be useful to re-analyse published results to ask whether the
traits of restored communities could have predicted their response to environmental
conditions imposed by restoration treatments or their effect on ecosystem functions.

Several years ago it was noted that there was considerable disconnect between the
ecological theories proposed by academic scientists and the practice of restoration ecology by
practitioners (Young et al. 2005). A trait-based perspective has been gaining traction within
the community of restoration ecologists (Temperton et al. 2004; Funk et al. 2008), but a
mechanism for translating functional trait targets into species abundance distributions that
can be used by restoration practitioners remained elusive. Recently developed trait-based
models are not only useful for testing community assembly theory, they have here been
extended to provide tools for translating functional trait targets into ranges of variability of
species abundances for achieving functional outcomes in ecological restoration. These
modified trait-based models are generalizable, flexible tools that can be widely applied in any

ecosystem on the planet, given adequate knowledge and information. The examples
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demonstrate how this new framework can be applied to confront some of the most pressing
ecological challenges of our time and advance our understanding of the processes of
community assembly and ecosystem functioning, but there is still much to be learned about
which specific trait target values will achieve our functional objectives. The application of
these models within experimental contexts will accelerate our learning and will bring us
closer to achieving our goals. A trait-based framework provides restoration ecology with a
robust scaffold on which to apply fundamental theory to achieve functional targets in this era

of global change.

Acknowledgements

| thank Jon Bakker, Pete Fulé, Jordi Bascompte, three anonymous reviewers, and the staff
and students in the Plant Biology and Ecology lab at the University of Waikato for providing
insightful comments that substantially improved the manuscript. This research was supported

by a grant (UOW1201) from the Royal Society of New Zealand Marsden Fund.

References

1.

Abella, S.R., Craig, D.J., Smith, S.D. & Newton, A.C. (2012). Identifying native vegetation
for reducing exotic species during the restoration of desert ecosystems. Restoration
Ecology, 20, 781-787.

2.

Allen, C.D., Macalady, A.K., Chenchouni, H., Bachelet, D., McDowell, N., Vennetier, M. et
al. (2010). A global overview of drought and heat-induced tree mortality reveals
emerging climate change risks for forests. Forest Ecology and Management, 259,
660-684.

3.

Breshears, D.D., Cobb, N.S., Rich, P.M., Price, K.P., Allen, C.D., Balice, R.G. et al. (2005).
Regional vegetation die-off in response to global-change-type drought. Proceedings
of the National Academy of Sciences of the United States of America, 102, 15144-
15148.

4.

Brudvig, L.A. & Mabry, C.M. (2008). Trait-based filtering of the regional species pool to
guide understory plant reintroductions in Midwestern oak savannas, USA. Restoration
Ecology, 16, 290-304.

23



582
583
584
585
586
587
588
589
590
591
592
593
594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630

5.

Cardinale, B.J., Duffy, J.E., Gonzalez, A., Hooper, D.U., Perrings, C., Venalil, P. et al. (2012).
Biodiversity loss and its impact on humanity. Nature, 486, 59-67.

6.

Chapin, F.S., Zavaleta, E.S., Eviner, V.T., Naylor, R.L., Vitousek, P.M., Reynolds, H.L. et al.
(2000). Consequences of changing biodiversity. Nature, 405, 234-242.

1.

Choi, Y.D., Temperton, V.M., Allen, E.B., Grootjans, A.P., Halassy, M., Hobbs, R.J. et al.
(2008). Ecological restoration for future sustainability in a changing environment.
Ecoscience, 15, 53-64.

8.

D’Antonio, C.M. & Chambers, J.C. (2006). Using ecological theory to manage or restore
ecosystems affected by invasive plant species. In: Foundations of restoration ecology
(eds. Falk, DA, Palmer, MA & Zedler, JB). Island Press Covelo, CA, USA, pp. 260-
279.

9.

D’Astous, A., Poulin, M., Aubin, I. & Rochefort, L. (2013). Using functional diversity as an
indicator of restoration success of a cut-over bog. Ecological Engineering, In press.

10.

Diaz, S., Lavorel, S., de Bello, F., Quétier, F., Grigulis, K. & Robson, T.M. (2007).
Incorporating plant functional diversity effects in ecosystem service assessments.
Proceedings of the National Academy of Sciences, 104, 20684-20689.

11.

Dobson, A.P., Bradshaw, A.D. & Baker, A.J.M. (1997). Hopes for the future: Restoration
ecology and conservation biology. Science, 277, 515-522.

12.

Dodge, R.S., Fulé, P.Z. & Hull Sieg, C. (2008). Dalmatian toadflax (Linaria dalmatica)
response to wildfire in a southwestern USA forest. Ecoscience, 15, 213-222.

13.

Doherty, J.M., Callaway, J. & Zedler, J.B. (2011). Diversity-function relationships changed
in a long-term restoration experiment. Ecol. Appl., 21, 2143-2155.

14.

Ehleringer, J.R. & Sandquist, D.R. (2006). Ecophysiological constraints on plant responses in
a restoration setting. In: Foundations of restoration ecology, DA Falk, MA Palmery
JB Zedler (eds.). Society for ecological restoration international, Island, Washington,
DC (eds. Falk, DA, Palmer, MA & Zedler, JB), pp. 42-58.

15.

Eviner, V.T. & Chapin, F.S. (2003). Functional matrix: a conceptual framework for
predicting multiple plant effects on ecosystem processes. Annual Review of Ecology,
Evolution, and Systematics, 455-485.

16.

Fattorini, M. & Halle, S. (2004). The dynamic environmental filter model: how do filtering
effects change in assembling communities after disturbance. In: Assembly rules and
restoration ecology: Bridging the gap between theory and practice (eds. Temperton,
VM, Hobbs, RJ, Nuttle, T & Halle, S), pp. 96-114.

17.

Fule, P.Z. (2008). Does it make sense to restore wildland fire in changing climate?
Restoration Ecology, 16, 526-531.

18.

24



631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647
648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680

Funk, J.L., Cleland, E.E., Suding, K.N. & Zavaleta, E.S. (2008). Restoration through
reassembly: plant traits and invasion resistance. Trends in Ecol. Evol., 23, 695-703.

19.

Funk, J.L. & McDaniel, S. (2010). Altering light availability to restore invaded forest: the
predictive role of plant traits. Restoration Ecology, 18, 865-872.

20.

Grime, J.P. (1998). Benefits of plant diversity to ecosystems: immediate, filter and founder
effects. Journal of Ecology, 86, 902-910.

21.

Hacke, U.G., Sperry, J.S., Pockman, W.T., Davis, S.D. & McCulloh, K.A. (2001). Trends in
wood density and structure are linked to prevention of xylem implosion by negative
pressure. Oecologia, 126, 457-461.

22.

Harris, J.A., Hobbs, R.J., Higgs, E. & Aronson, J. (2006). Ecological restoration and global
climate change. Restoration Ecology, 14, 170-176.

23.

Hedberg, P., Saetre, P., Sundberg, S., Rydin, H. & Kotowski, W. (2013). A functional trait
approach to fen restoration analysis. Applied Vegetation Science, 16, 658-666.

24.

Hobbs, R.J. & Cramer, V.A. (2008). Restoration ecology: interventionist approaches for
restoring and maintaining ecosystem function in the face of rapid environmental
change. Annual Review of Environment and Resources, 33, 39-61.

25.

Hobbs, R.J. & Harris, J.A. (2001). Restoration ecology: Repairing the Earth's ecosystems in
the New Millennium. Restoration Ecology, 9, 239-246.

26.

Hobbs, R.J., Higgs, E. & Harris, J.A. (2009). Novel ecosystems: implications for
conservation and restoration. Trends in Ecology & Evolution, 24, 599-605.

217.

Hobbs, R.J. & Norton, D.A. (1996). Towards a Conceptual Framework for Restoration
Ecology. Restoration Ecology, 4, 93-110.

28.

Jackson, S.T. & Hobbs, R.J. (2009). Ecological restoration in the light of ecological history.
Science, 325, 567.

29.

Jentsch, A. (2007). The challenge to restore processes in face of nonlinear dynamics—On the
crucial role of disturbance regimes. Restoration Ecology, 15, 334-339.

30.

Kardol, P. & Wardle, D.A. (2010). How understanding aboveground—belowground linkages
can assist restoration ecology. Trends in Ecology & Evolution, 25, 670-679.

3L

Kattge, J., Diaz, S., Lavorel, S., Prentice, I.C., Leadley, P., Bonisch, G. et al. (2011). TRY —a
global database of plant traits. Global Change Biology, 17, 2905-2935.

32.

Keane, R.M. & Crawley, M.J. (2002). Exotic plant invasions and the enemy release
hypothesis. Trends in Ecology & Evolution, 17, 164-170.

33.

Keddy, P.A. (1992). Assembly and response rules: two goals for predictive community
ecology. Journal of Vegetation Science, 3, 157-164.

34.

25



681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701
702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730

Keddy, P.A. & Shipley, B. (1989). Competitive hierarchies in herbaceous plant communities.
Oikos, 54, 234-241.

35.

Kunstler, G., Lavergne, S., Courbaud, B., Thuiller, W., Vieilledent, G., Zimmermann, N.E. et
al. (2012). Competitive interactions between forest trees are driven by species' trait
hierarchy, not phylogenetic or functional similarity: implications for forest
community assembly. Ecol. Lett., 15, 831-840.

36.

Laliberté, E. & Legendre, P. (2010). A distance-based framework for measuring functional
diversity from multiple traits. Ecology, 91, 299-305.

37.

Laliberté, E. & Shipley, B. (2010). FD: Measuring functional diversity from multiple traits,
and other tools for functional ecology. R Foundation for Statistical Computing, The
Comprehensive R Archive Network (CRAN) Vienna, Austria.

38.

Landres, P.B., Morgan, P. & Swanson, F.J. (1999). Overview of the use of natural variability
concepts in managing ecological systems. Ecol. Appl., 9, 1179-1188.

39.

Laughlin, D.C. (2011). Nitrification is linked to dominant leaf traits rather than functional
diversity. Journal of Ecology, 99, 1091-1099.

40.

Laughlin, D.C., Fulé, P.Z., Huffman, D.W., Crouse, J. & Laliberté, E. (2011). Climatic
constraints on trait-based forest assembly. Journal of Ecology, 99, 1489-1499.

41.

Laughlin, D.C., Joshi, C., van Bodegom, P.M., Bastow, Z.A. & Fulé, P.Z. (2012). A
predictive model of community assembly that incorporates intraspecific trait variation.
Ecol. Lett., 15, 1291-1299.

42.

Laughlin, D.C. & Laughlin, D.E. (2013). Advances in modelling trait-based plant community
assembly. Trends in Plant Science, 18, 584-593.

43.

Laughlin, D.C., Leppert, J.J., Moore, M.M. & Sieg, C.H. (2010). A multi-trait test of the leaf-
height-seed plant strategy scheme with 133 species from a pine forest flora.
Functional Ecology, 24, 493-501.

44,

Lavorel, S. & Garnier, E. (2002). Predicting changes in community composition and
ecosystem functioning from plant traits: revisiting the Holy Grail. Functional Ecology,
16, 545-556.

45,

Lavorel, S., Storkey, J., Bardgett, R.D., Bello, F., Berg, M.P., Roux, X. et al. (2013). A novel
framework for linking functional diversity of plants with other trophic levels for the
quantification of ecosystem services. Journal of Vegetation Science, 24, 942-948.

46.

MacArthur, R. & Levins, R. (1967). The limiting similarity, convergence, and divergence of
coexisting species. Am Nat, 101, 377-385.

47.

Mason, N.W.H., Mouillot, D., Lee, W.G. & Wilson, J.B. (2005). Functional richness,
functional evenness and functional divergence: the primary components of functional
diversity. Oikos, 111, 112-118.

48.

26



731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755
756
757
758
759
760
761
762
763
764
765
766
767
768
769
770
771
772
773
774
775
776
77
778
779
780

Mendoza, G.A. & Martins, H. (2006). Multi-criteria decision analysis in natural resource
management: A critical review of methods and new modelling paradigms. Forest
Ecology and Management, 230, 1-22.

49,

Millar, C.1., Stephenson, N.L. & Stephens, S.L. (2007). Climate change and forests of the
future: managing in the face of uncertainty. Ecol. Appl., 17, 2145-2151.

50.

Moore, M.M., Wallace Covington, W. & Fulé, P.Z. (1999). Reference conditions and
ecological restoration: a southwestern ponderosa pine perspective. Ecol. Appl., 9,
1266-1277.

51.

Orwin, K.H., Buckland, S.M., Johnson, D., Turner, B.L., Smart, S., Oakley, S. et al. (2010).
Linkages of plant traits to soil properties and the functioning of temperate grassland.
Journal of Ecology, 98, 1074-1083.

52.

Packard, S. & Mutel, C.F. (1997). The tallgrass restoration handbook: for prairies, savannas,
and woodlands. Island Press.

53.

Padilla, F.M., Ortega, R., Sdnchez, J. & Pugnaire, F.I. (2009). Rethinking species selection
for restoration of arid shrublands. Basic and Applied Ecology, 10, 640-647.

54.

Peltzer, D.A., Bellingham, P.J., Kurokawa, H., Walker, L.R., Wardle, D.A. & Yeates, G.W.
(2009). Punching above their weight: low-biomass non-native plant species alter soil
properties during primary succession. Oikos, 118, 1001-1014.

55.

Phillips, D. & Gregg, J. (2003). Source partitioning using stable isotopes: coping with too
many sources. Oecologia, 136, 261-269.

56.

Pysek, P. & Richardson, D.M. (2007). Traits associated with invasiveness in alien plants:
where do we stand? In: Biol Invasions. Springer, pp. 97-125.

57.

Pywell, R.F., Bullock, J.M., Roy, D.B., Warman, L.1.Z., Walker, K.J. & Rothery, P. (2003).
Plant traits as predictors of performance in ecological restoration. Journal of Applied
Ecology, 40, 65-77.

58.

Quiétier, F., Thébault, A. & Lavorel, S. (2007). Plant traits in a state and transition framework
as markers of ecosystem response to land-use change. Ecological Monographs, 77,
33-52.

59.

Roberts, R., Clark, D. & Wilson, M. (2010). Traits, neighbors, and species performance in
prairie restoration. Applied Vegetation Science, 13, 270-279.

60.

Rosenthal, G. (2003). Selecting target species to evaluate the success of wet grassland
restoration. Agriculture, ecosystems & environment, 98, 227-246.

61.

Sandel, B., Corbin, J. & Krupa, M. (2011). Using plant functional traits to guide restoration:
A case study in California coastal grassland. Ecosphere, 2, 1-16.

62.

Savage, M. & Mast, J.N. (2005). How resilient are southwestern ponderosa pine forests after
crown fires? Canadian Journal of Forest Research, 35, 967-977.

27



781
782
783
784
785
786
787
788
789
790
791
792
793
794
795
796
797
798
799
800
801
802
803
804
805
806
807
808
809
810
811
812
813
814
815
816
817
818
819
820
821
822
823
824
825
826
827
828
829
830

63.

Seastedt, T.R., Hobbs, R.J. & Suding, K.N. (2008). Management of novel ecosystems: are
novel approaches required? Frontiers in Ecology and the Environment, 6, 547-553.

64.

Shipley, B., Vile, D. & Garnier, E. (2006). From plant traits to plant communities: A
statistical mechanistic approach to biodiversity. Science, 314, 812-814.

65.

Srivastava, D.S. & Vellend, M. (2005). Biodiversity-Ecosystem Function Research: Is It
Relevant to Conservation? Annual Review of Ecology, Evolution, and Systematics, 36,
267-294.

66.

Suding, K.N. (2011). Toward an era of restoration in ecology: Successes, failures, and
opportunities ahead. Annual Review of Ecology, Evolution, and Systematics, 42, 465-
487.

67.

Suding, K.N., Gross, K.L. & Houseman, G.R. (2004). Alternative states and positive
feedbacks in restoration ecology. Trends in Ecology & Evolution, 19, 46-53.

68.

Suding, K.N., Lavorel, S., Chapin, F.S., Cornelissen, J.H.C., DiAz, S., Garnier, E. et al.
(2008). Scaling environmental change through the community-level: a trait-based
response-and-effect framework for plants. Global Change Biology, 14, 1125-1140.

69.

Swetnam, T.W., Allen, C.D. & Betancourt, J.L. (1999). Applied historical ecology: using the
past to manage for the future. Ecol. Appl., 9, 1189-1206.

70.

Temperton, V.M., Hobbs, R.J., Nuttle, T. & Halle, S. (2004). Assembly rules and restoration
ecology: bridging the gap between theory and practice. Island Press Washington, D.C.,
p. 439.

71.

Thompson, K. & Davis, M.A. (2011). Why research on traits of invasive plants tells us very
little. Trends in Ecology & Evolution, 26, 155-156.

72.

Thorpe, A.S. & Stanley, A.G. (2011). Determining appropriate goals for restoration of
imperilled communities and species. Journal of Applied Ecology, 48, 275-279.

73.

van Bodegom, P.M., Grootjans, A.P., Sorrell, B.K., Bekker, R.M., Bakker, C. & Ozinga,
W.A. (2006). Plant traits in response to raising groundwater levels in wetland
restoration: evidence from three case studies. Applied Vegetation Science, 9, 251-260.

74.

Van den Meersche, K., Soetaert, K. & Van Oevelen, D. (2009). xsample (): An R function for
sampling linear inverse problems. Journal of Statistical Software, 30, Code Snippet 1,
1-15.

75.

Van Kleunen, M., Weber, E. & Fischer, M. (2010). A meta - analysis of trait differences
between invasive and non - invasive plant species. Ecol. Lett., 13, 235-245.

76.

Villéger, S., Mason, N.W.H. & Mouillot, D. (2008). New multidimensional functional
diversity indices for a multifaceted framework in functional ecology. Ecology, 89,
2290-2301.

17.

28



831
832
833
834
835
836
837
838
839
840
841
842
843
844
845

846

847

848

849

850

851

852

Westerling, A.L., Hidalgo, H.G., Cayan, D.R. & Swetnam, T.W. (2006). Warming and earlier
spring increase western U.S. forest wildfire activity. Science, 313, 940-943.

78.

White, P.S. & Jentsch, A. (2004). Disturbance, succession, and community assembly in
terrestrial plant communities. In: Assembly rules and restoration ecology: Bridging
the gap between theory and practice (eds. Temperton, VM, Hobbs, RJ, Nuttle, T &
Halle, S). Washington, DC: Island Press, pp. 342-366.

79.

White, P.S. & Walker, J.L. (1997). Approximating nature's variation: Selecting and using
feference information in restoration ecology. Restoration Ecology, 5, 338-349.

80.

Young, T., Petersen, D. & Clary, J. (2005). The ecology of restoration: historical links,
emerging issues and unexplored realms. Ecol. Lett., 8, 662-673.

SUPPORTING INFORMATION

Additional Supporting Information may be downloaded via the online version of this article
at Wiley Online Library (www.ecologyletters.com).

Appendix S1 User’s guide and R code for applying trait-based models in ecological

restoration
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Table 1. Trait-based applications of ecological theory to achieve functional targets in

ecological restoration

Trait-based theories for

restoration ecology

Functional trait targets

Examples

Response traits

Environmental filtering

Limiting similarity

Competitive hierarchies

Effect traits

Mass ratio

Niche complementarity

Traits that optimize fitness and
performance in a given set of
environmental conditions

Traits of non-native invader are
the constraints for selecting
native species with the most
similar traits

Different trait values of non-
native invader are the
constraints for selecting native
species

Traits of dominant species
influence ecosystem processes

Diversity of trait values
maintains ecosystem processes

Species with resource-
conserving traits (i.e., higher
wood density) will be adapted
to drier conditions (Hacke et
al. 2001)

Functionally similar native
species may compete more
strongly for resources with
non-native invaders (Funk et
al. 2008)

Taller native species may
outcompete a non-native
invader for light (Keddy &
Shipley 1989)

Species with resource-
conserving leaf traits will slow
decomposition and nutrient
cycling (Orwin et al. 2010)

Divergent leaf strategies
within a community may
enhance temporal stability and
rate of primary production
(Cardinale et al. 2012)
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(a) Examples of stressors and the functional trait targets that can
be established to restore degraded ecosystems

Ecosystem stressors > Restoration goals =2 Possible trait targets

1) Land-use change Restore lost community Traits of reference sites

2) Climate change Restore resilient community Traits resilient to future climate
3) Invasive species Control and exclude non-natives Traits of invasive species

4) Abiotic degradation Rehabilitate site conditions Trait dominance (mass ratio)

5) Species loss Maintain primary productivity Trait diversity (complementarity)

(b) Translating response-and-effect traits into species assemblages
that can be manipulated by practitioners and tested in the field
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Figure 1. Conceptual diagram of the general framework for generating species assemblages
that achieve functional targets for ecological restoration. a) Examples of novel stressors that
have led to ecosystem degradation, and the restoration goals and functional targets that can be
developed to assist the recovery of the ecosystem. b) Operationalising the response-and-
effect trait framework (Suding et al. 2008) by translating functional trait targets into
experimental species assemblages that can be manipulated by restoration practitioners to
achieve the functional targets. The grey arrows illustrate that the response of the assemblages
to environmental conditions and the effects on ecosystem function can be tested, and the
functional trait targets can be adjusted as we learn which traits and trait values achieve the
restoration goals. The functional targets (numbers 1-5) depend on the specific restoration goal
and relate to each of the processes (illustrated as black arrows) within the response-and-effect

trait framework as shown.
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Operationalising the response-and-effect trait framework
for theory-driven restoration ecology

Step 1. Set targets by selecting relevant traits Nine species and three trait targets
and trait values to optimise the response or
effect of interest. For experimentation, select
multiple trait values as trait targets to test their

effectiveness.

TraitY
2
l

Step 2. Define the species pool, and determine
the mean (and possibly variance-covariance) of
the traits of each species.

B
A

— -

Trait X

Step 3. Apply quantitative trait-based models to derive species abundance distributions.

Community assemblage for trait target 1
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Step 4. Establish experimental communities, and maintain species abundances within
the range of variahility set by the models to keep trait targets at desired level.

Step 5. Monitor community response or ecosystem effect by trait target and treatment
to test effectiveness of trait targets and community assemblages.

— Target1|  Ambient Drought
Response | __ 17997
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Effect /I\' //‘
L J
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Figure 2. Operationalising the response-and-effect trait framework for theory-driven
restoration ecology experiments. The hypothetical species abundance distributions were

generated using underdetermined systems of linear equations (Box 1, Appendix S1).
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878  Figure 3. Range of variability of tree species relative abundances that meet the trait targets in
879  a) current climatic conditions and b) projected future climatic conditions in the Southwest
880  USA (e.g., Flagstaff, Arizona; Lat: 35.14, Long: -111.67) (Laughlin et al. 2011). Values

881  represent a uniform sample of the solutions to the systems of linear equations (Box 1). Photo
882  credits: upper photo by Daniel Laughlin, lower photo by Guy Starbuck

883  (http://www.starbuck.org/exploring/) with permission.
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Figure 4. The top five native species that were selected from the native species pool of 115
herbaceous plants are illustrated here based on their similarity of 15 functional response traits
with the non-native invasive species Linaria dalmatica (Dalmatian toadflax). To test the
usefulness of applying limiting similarity to competitively exclude non-native invaders, these
five species are the best candidates for seeding or planting into invaded habitats because they
have the most similar response traits. The data were obtained on understory plant species
growing in a ponderosa pine forest near Flagstaff, Arizona (Laughlin et al. 2010). All photos

courtesy of Max Licher and the Southwest Environmental Information Network (SEINet).
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(a) Species in two-dimensional leaf trait space
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(b) Species abundances for applying mass ratio theory
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Figure 5. (a) Bivariate contour density plots illustrating the location and intraspecific
variability of eight native graminoid species in trait space defined by specific leaf area and
leaf dry matter content (log-scale). (b) Traitspace model output (Box 2) illustrating the range
of variability of species that would be appropriate to use in restoration projects if the desired
effect was to slow down litter decomposition and nitrogen transformations by applying mass
ratio theory. (c) Traitspace model output (Box 2) illustrating the range of variability of
species that would be appropriate to use in restoration projects if the desired goal was to
maximize functional diversity. Average functional diversity indices (Villéger et al. 2008;
Laliberté & Legendre 2010) are listed for each set of generated communities in panels b and c.
The trait data were obtained on understory plant species growing in a ponderosa pine forest

near Flagstaff, Arizona (Laughlin et al. 2010).
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Text Boxes

Box 1. Underdetermined systems of linear equations

Systems of linear equations are useful for estimating species probabilities given a set
of constraints and have many potential applications in ecology. For example, systems of
linear equations have been used to estimate the probability that a species of prey was
consumed by a predator based on the isotopic ratios of both the predator and prey (Phillips &
Gregg 2003). A vector of unknown species relative abundances (pi) can be estimated by

developing a system of linear equality and inequality constraints:

itupi =Tk (Egn 1),
§=1 pi = 1 (Eqn 2)!
pi >0 (Eqn 3).

Equation 1 states that the linear combination of the kth trait from the ith species (ti) and
unknown species relative abundances (pi) is equal to the constraint T, where T}, is the kth
trait value of an average unit of biomass or individual in a community. There are K (the
number of traits) of these constraint equations, and S is the size of the species pool. Equation
2 constrains the abundances to sum to one to reflect relative abundances or probabilities.
Equation 3 constrains the abundances to be non-negative (there are S of these equations). In
practice, there are typically far fewer traits than unknown species abundances, which results
in an underdetermined system of equations with many possible solutions. The CATS model
uses this framework, but chooses the distribution that maximises the entropy function to
obtain a single discrete relative abundance distribution (Shipley et al. 2006). However, the
range of potential species abundances provides us with valuable information about the
potential range of variability that also satisfies the trait constraints. How do we quantify this

range of variability?
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The most straightforward approach to quantify the range of potential solutions to any
underdetermined system of linear equations is to obtain a sample from the solution set. Van
den Meersch et al. (2009) developed the R package limSolve for solving constrained linear
equations. The ‘xsample’ function uses a Markov chain Monte Carlo (MCMC) algorithm to
uniformly sample the solution set of any constrained linear problem. We can apply this
application of linear algebra to the problem at hand by rewriting Equations 1 and 2 in matrix
form Ax = b, where A is a matrix of coefficients (i.e., species mean traits), X is a matrix of
unknown relative abundances, and b is a vector of constants (i.e., trait constraints)
representing the right-hand side of the equations. As long as the constraints are consistent
(i.e., either one or an infinite number of solutions exists), one can obtain a uniform sample
from x, which will represent the range of species abundances that meet the functional trait
constraints. It is important to select reasonable trait targets that fall within the range of trait
values present in the species pool.

Multiple solutions exist for underdetermined systems of linear equations, but there
may not be a solution where all species abundances are non-negative, which would violate
the inequality constraint of Equation 3. It is therefore important to determine whether a
solution exists. It is possible to allow for the solutions to only approximately match the
constraints. The limSolve package can sample the solutions by selecting likely values given
approximate equations, where the constraints follow a Gaussian probability distribution with
a given standard deviation (Van den Meersche et al. 2009). In these situations, it is
recommended that Equation 1 be defined as an approximate equality, and Equation 2 be
defined as an exact equality. This procedure will greatly increase the flexibility of
determining species abundances for selected trait targets.

In order to determine an assemblage of native species that optimises trait similarity

with a non-native species, the following modification to Equation 1 can be made:
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Yio1 tikp; = Invadery (Eqgn 4),
where Invader, is a vector of K mean trait values of the non-native invasive species. In this
case, a discrete probability distribution may be more useful than a range of species
abundances, so one can apply the maximum entropy formalism to obtain species relative
abundances (Shipley et al. 2006). Note that this differs from the standard application of the
model where the constants on the right-hand side of the equations are community-weighted
mean trait values. This approach allows us to determine the abundances of species that would
maximize functional trait similarity with the non-native species. Using the maxent function in
the FD library of R (Laliberté & Shipley 2010), one can quantify the probability of each

species given the non-native trait constraints (Appendix S1).

Box 2: Trait-based models that apply Bayes Theorem

Systems of linear equations do not permit an elegant incorporation of intraspecific
variation and covariation, nor do they permit the derivation of functionally diverse
communities because they emphasize trait convergence. An alternative Bayesian framework
was recently proposed for predicting species relative abundances using inter- and intra-
specific trait variation and covariation (Laughlin et al. 2012). Quantifying intraspecific trait
variation and covariation is required for understanding the functional trait space of a species.
The objective of the model is to estimate the relative abundance of the i" species for a given
environment P(Si|E), by incorporating information about individual-level functional traits.
Details of the proposed method can be found elsewhere (Laughlin et al. 2012) and so are not
repeated here (see Appendix S1 for complete R code to fit the model). The major differences
with previous applications are within Step 1a and Step 2d.

In Step 1a, the trait targets are defined by determining the probability density function

of the trait target range. To apply mass ratio theory, one simply needs to define a unimodal
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trait distribution centered on the trait targets. However, applying niche complementarity
requires a different approach. In contrast to the theories of environmental filtering and mass
ratio, which both imply convergence of traits within a community, the theory of niche
complementarity implies functional trait divergence. Functionally diverse communities are
often characterised by dominant species having contrasting trait values (Mason et al. 2005).
Therefore, to generate functionally divergent communities it is necessary to establish trait
targets that include multiple modes along the trait axes, rather than constraining by a single
optimal trait value. The ‘mclust’ library of R can be used to develop probability density
functions for any desired multi-modal trait distribution.

In Step 2d, the original formulation requires modification if it is to be used to quantify
a range of variation in species abundances rather than simply compute a static relative
abundance distribution. It is possible to explore the range of possible solutions by repeating
the final step of the method J times. This step integrates the traits out using Monte Carlo
integration to obtain the relative abundances of species given the environmental conditions,
and is approximated as

P(SIIE); = k-1 P(SiITe EYP(Tic|E), (Ean 5)
where P(S;|E); represents the jth repetition of this step, N = a relatively small (e.g., 10 to 100)
number of Monte Carlo samples for each repetition, P(S;|Ty, E) represents the probability of
the species given the traits and environment obtained by applying Bayes theorem, and
P(Ty|E) is the probability of the trait given the environmental conditions or the trait target
range. Repeat the inference stage a large number of times (e.g., J = 100) to obtain J estimates
of the relative abundances. The range of P(S;|E); represents the range of potential relative
abundances of species that could occur within a particular environmental filter, or it can
represent the range of potential relative abundances of species for influencing an ecosystem

process.
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