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Abstract
Aim: Understanding biodiversity–ecosystem function (BEF) relationships in forest
systems is crucial for effective forest management and restoration, yet testing these
relationships is often limited by biased diversity patterns in forestry plantings (biased
towards commercially valuable species) and uncontrollable diversity in mature natural forests. Multispecies reforestation plantings present a valuable opportunity to
investigate BEF relationships in woody systems, especially across large environmental gradients.
Location: Reforestation plantings across the arable region of Australia.
Time period: 1951–2012.
Major taxa studied: Three hundred and sixty‐four woody plant species.
Methods: We examined relationships between productivity and diversity using
inventory data from 977 plots in 386 multispecies reforestation plantings. Diversity
was estimated using observed species richness and three functional diversity indices
calculated from four functional traits: specific leaf area, wood density, seed mass
and maximum attainable height. We modelled how plot‐level biomass accumulation
(a productivity proxy) correlated with these diversity indices, as well as age since
planting, plant density and three environmental variables: solar radiation, moisture
availability and soil sand content. These models were fitted across Australia and,
separately, within eight groups of plantings with similar environmental conditions.
Results: We found no correlation between diversity and productivity, regardless
of the diversity metric or spatial scale used (continent‐wide or within environment
groups). Instead, productivity was best explained by local environmental conditions
and plant density.
Main conclusions: A positive relationship between diversity and productivity was
not evident in planted forests across a wide range of Australian woodland and forest
systems, at least in the first few decades of growth. Our findings suggest that the
positive relationship between diversity and productivity commonly reported in experimental settings should not be assumed for all systems and conditions.
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Ecological restoration projects have long been considered an
underused resource for answering fundamental ecological ques-

Human‐induced global change has led to losses and changes in bio-

tions (Bradshaw, 1987). Such projects typically use a higher diver-

logical diversity (Dirzo & Raven, 2003), which are, in turn, linked to

sity of species than forestry plantings, although species choice and

reductions in important ecosystem functions and services (Cardinale

diversity are often based on specific project goals and can be con-

et al., 2012; Hooper et al., 2005). Current research suggests that

strained by funding and the availability of stock or seed. As a conse-

the number of species in a community affects ecosystem func-

quence, the resulting diversity in restoration plantings may be less

tioning (Cardinale et al., 2012; Duffy, Godwin, & Cardinale, 2017).

correlated with the environment than in natural forests, such that

These biodiversity–ecosystem function (BEF) relationships have

different projects in the same region contain different subsets of

been studied for a number of functions and in a number of systems.

species from the regional species pool. Recently, there have been

One of the best‐studied ecosystem functions is primary produc-

calls to explore BEF relationships in a restoration context, espe-

tivity. After extensive research, the current consensus is that sys-

cially to test whether restoration projects can be designed to deliver

tem productivity increases with the diversity of primary producers

many benefits (Aerts & Honnay, 2011; Wright et al., 2009). Thus,

(Cardinale et al., 2011). This positive effect, which is detectable even

forest plantings containing many species provide a useful resource

after accounting for environmental effects on productivity, is most

to expand our understanding of BEF relationships and their applica-

commonly observed in grassland experiments (Craven et al., 2016;

bility to ecological restoration.

Grace et al., 2016; Tilman et al., 2001), although it has also been ob-

In this study, we examined relationships between diversity and

served in woody systems (Liang et al., 2016; Zhang, Chen, & Reich,

productivity using 386 multispecies forest plantings from across

2012). That being said, the strength of the relationship appears to be

Australia. Data were collected in 977 sampled plots within these

variable across ecosystem types, climates and species (Lasky et al.,

plantings, spread across 3,700 km and spanning large gradients of

2014; O'Connor et al., 2017; Vila et al., 2013).

climate (277–3,817 mm of annual rainfall) and system productivity.

Biodiversity–productivity relationships in woody communi-

The average planting age was 12.8 years old (SD = 6.2), with 155

ties are poorly understood relative to herbaceous systems. This is

(40%) plantings ≥ 20 years old. Overall, 68,777 trees and shrubs

attributable in no small part to the difficulty in establishing the same

from 364 species were measured from forests and woodlands in

rigorous experiments in forests as in grasslands (Mori, Lertzman, &

tropical, sub‐tropical, temperate, mediterranean and semi‐arid cli-

Gustafsson, 2017). Many studies have assessed BEF relationships

mates. In addition to observed species richness, we used available

in forests, but the limitations of these approaches leave key gaps

functional trait data, supplemented with field collection, to estimate

in our understanding of the BEF relationship in forests (Mori et al.,

four species‐level traits for 256 of the most commonly planted

2017). In grassland experiments, diversity treatments consist of ran-

species.

dom subsets of species tracked for many generations (e.g., Tilman

Functional traits are well‐established proxies for estimating

et al., 2001). Analogous long‐term, controlled experiments are not

differences in organism function (Violle et al., 2007). Given that

feasible in forests because they take decades or centuries to mature.

functional traits describe the niche coverage and types of ecolog-

Although diversity experiments using tree seedlings (Tobner et al.,

ical strategies in a community, trait‐based metrics often explain

2016) are comparable to their grassland counterparts, seedlings

more variation in productivity than simple taxonomic richness

often interact and grow in a different manner to mature trees (Lasky

(Roscher et al., 2012). If the mean trait values in a community [the

et al., 2015). Forestry experiments are conducted over longer time‐

community‐weighted mean (CWM)] are correlated with productiv-

scales but mainly use commercially important species (e.g., Chen &

ity, it suggests that the ecological strategy of the most abundant

Klinka, 2003), which do not reflect the variation in ecological strat-

species is driving productivity (termed “mass ratio effects”) (Grime,

egies and functions found in natural forest communities. Studying

1998; Roscher et al., 2012). In contrast, correlation between

natural forests overcomes some of these issues, because they have

productivity and functional diversity indices, which capture the

been established for multiple generations and contain mature trees,

breadth and overlap of species niches (Hooper et al., 2005; Mason,

but the diversity and composition of these forests emerge from a

Mouillot, Lee, & Wilson, 2005), suggests that variation in ecolog-

range of ecological and evolutionary processes and tend to be cor-

ical strategies contributes to community productivity (Roscher et

related with a range of abiotic processes (Vila et al., 2013) to such an

al., 2012).

extent that these correlations are commonly used to predict diversity (e.g., Ferrier & Guisan, 2006).

Using the dataset of multispecies forest plantings across
Australia, we aimed to answer the following questions:
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1. After accounting for environmental effects and planting

The size of sampled plots within plantings varied. Only seven

density, does observed species richness explain variation in

plots were larger than 1 ha; the remaining plots averaged 694 m2

productivity?

(SD = 62 m2). Sample plots all included ≥ 30 living trees and shrubs,

2. Do functional diversity indices perform better than observed species richness as predictors of productivity?
3. Can functional diversity indices and trait CWMs clarify how productivity is affected by community composition?

each identified to species (83%), genus (11%) or unknown (2%). Across
all plots, 4% of plants were dead at the time of measurement, which
were not included in diversity calculations. A diameter measure was
taken on each plant, at breast height (130 cm), 50 or 10 cm, before
the main stem split. All stem diameters from multistemmed plants

We examined these questions at two spatial scales: across the arable

were combined to an equivalent single‐stem diameter (De = √∑Di2,

region of Australia, and within groups of plantings with similar environ-

where Di represents the diameter for each stem of a multistemmed

mental conditions.

plant) (Paul et al., 2013).
Plant above‐ground biomass was estimated from these stem

2 | M ATE R I A L S A N D M E TH O DS

diameter measurements using calibrated species‐specific (for common species) or growth‐form‐specific (for rarer species) allometric
equations (full details available in the paper by Paul et al., 2013). We

Survey plots used in this study were established in reforesta-

then calculated plot‐level above‐ground biomass (in kilograms per

tion plantings across the arable region of Australia. Survey data

hectare) by summing allometric estimates for all plants within the

were collected by the Commonwealth Scientific and Industrial

plot, including dead stems. The same set of allometric equations

Research Organisation (CSIRO) (380 sample plots), the Queensland

were applied across the study region to estimate above‐ground

Department of Agriculture and Fisheries (46 plots) and not‐for‐

biomass (i.e., there were no region‐specific equations). Despite this,

profit organizations Greening Australia (543 plots) and Greenfleet

when compared with the harvested dry‐weight biomass of 3,139

(8 plots).

plants, errors from these allometric equations were low (Paul et al.,

These reforestation plantings were projects established using

2013).

many native species on ex‐agricultural land. Reforested areas had

We estimated 17 environmental variables (including soil nutri-

no pre‐existing woody vegetation at the time of planting but were

ents, pH, texture and depth; temperature, moisture availability and

originally forest or woodland before being cleared for agriculture.

solar radiation; and topography) post‐collection for each planting

Plantings were established using planted tubestock seedlings (505

using spatial layers (Supporting Information Table S1). All layers

plots; 52%), by sowing seed mixtures (319 plots; 33%) or a mixture

had resolutions of either 3″ (soil and topography) or 30″ (climate).

of both (122 plots; 13%); 29 plots (3%) had unknown establishment

Sample plots within a given planting were given the same value for

methods. Some plantings were established expressly for ecological

each environmental variable.

restoration, others for different purposes, such as carbon seques-

Our study included four functional traits, estimated as mean val-

tration. We have a detailed management history for only a subset

ues for each species: specific leaf area (SLA; in square millimetres

of plantings (109 plantings; 28%), but in that subset, site prepara-

per gram), wood density (in grams per cubic centimetre), seed mass

tion was mechanical [topsoil ripping or digging furrows for planting

(in milligrams) and maximum height (in metres). These traits were

(scalping)]. Livestock were excluded from plantings during establish-

chosen because they are commonly available for a large number of

ment but were often allowed in periodically to graze as a method of

species and are correlated directly with relative growth rate [SLA

weed control. We know that these plantings were not harvested for

and wood density (Gibert, Gray, Westoby, Wright, & Falster, 2016;

timber, and although many Australian woody systems are fire prone,

Wright, Groom, et al., 2004a)] or represent size at maturity (maxi-

we found no evidence that the standing biomass in these plantings

mum height) or affect early growth and survival [seed mass (Gibert

was affected by fire (Supporting Information Figure S1).

et al., 2016; Perez‐Harguindeguy et al., 2013)]. Although seed mass

The species recorded in this study were the species present at

is correlated with plant growth rate only in young individuals (Gibert

time of sampling. Records were not kept on which species were orig-

et al., 2016), we included it as a functional trait given that nearly half

inally planted; therefore, we cannot be sure which species were lost

of our study plots used seed mixes for establishment, and many of

or gained between the time of planting and plot sampling. The spe-

the plants in our study plots were immature at the time of survey.

cies mix planted in each site was informed by local expertise and, in

In addition, although we recognize that functional trait values can

some cases, the specific restoration goal, and was constrained by

differ between populations, and even between individuals within

budget and the availability of planting stock and seeds. As a result,

populations, estimating intraspecific trait variation was beyond the

the species mixes varied substantially between plantings, even

scope of this study.

among those with similar abiotic conditions (Supporting Information

Existing functional trait values for SLA, wood density and seed

Figure S2). In addition, plantings contained a variety of non‐forestry

mass were obtained from the TRY plant database (Chave et al., 2009;

species, and even native species with forestry potential were likely

Fonseca, Overton, Collins, & Westoby, 2000; Green, 2009; Kattge,

to be sourced from local seed rather than commercial genotypes

Knorr, Raddatz, & Wirth, 2009; Kattge et al., 2011; Niinemets, 2001;

(McDonald, Gann, Jonson, & Dixon, 2016).

Onoda et al., 2011; Poorter, Niinemets, Poorter, Wright, & Villar,

4
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2009; Wright, Reich, et al., 2004b); maximum height values were

productivity lost as leaf litter, coarse woody debris and to herbivory

obtained from Australian state herbarium records. Additional trait

and disease. Despite these limitations, rates of biomass accrual and

data were collected in the field for 129 species for SLA and 137 for

wood production are regularly used as estimates of primary produc-

wood density. Trait values from field‐collected data were estimated

tivity in BEF research (e.g., Duffy et al., 2017; Finegan et al., 2015;

on five individuals (five samples per individual for SLA, one sample

Paquette & Messier, 2011; Vila et al., 2013).

for wood density), following commonly used trait‐collection protocols (Perez‐Harguindeguy et al., 2013).

Given that we identified that all diversity indices were not
strongly correlated with the environment (Figure 1), we could
regress diversity indices and environmental covariates without

2.1 | Data analysis

needing to partition the effect of the environment on diversity

All data analysis was performed in R (R Core Team, 2017).

mixed‐effects models (rather than path analyses) for all models [lme

from its effect on productivity. This meant that we could use linear

Observed species richness was estimated using rarefaction

function, nlme package (Pinheiro, Bates, DebRoy, Sarkar, & R Core

(n = 30) to ensure that richness was not related to the number of

Team, 2014)], with random effects (random intercepts) to account

individuals, because plots varied in size and plant density [rarefy

for spatial nesting. Sample plots were nested within plantings, and

function, vegan package (Oksanen et al., 2016)]. For this process,

plantings were nested within biogeographical subregions as defined

genus identities (IDs) were counted as one additional species per

under Version 7 of the Interim Biogeographical Regionalisation of

genus, and all unknown plants in a plot were counted as a single addi-

Australia (Thackway & Cresswell, 1995). This nesting accounted for

tional species. Unknown IDs represented a very small proportion of

unexplained variation in planting productivity between regions and

all sampled individuals (1,659 plants; 2.41%); therefore, the impact

between plantings within each region.

of unknown plants on total diversity was limited, and in cases where

We extracted values for environmental variables at each plant-

they represented many unknown species, impacts on diversity were

ing from spatial layers using longitude and latitude [extract function,

still likely to be small. Dead plants were excluded from calculations

raster package (Hijmans, 2015)]. These variables, along with planting

of rarefaction.

age and density, were ln‐transformed where it improved the linear-

Species means for each functional trait were calculated where

ity of bivariate relationships with productivity. A number of envi-

multiple sources were available. Values for genus IDs and species

ronmental predictors were significantly correlated (Figure 1). We

without trait information were estimated separately for each plant-

established a best‐fitting subset using unsupervised model selec-

ing using congener trait values from other plantings within a given

tion [dredge function, MuMIn package (Bartoń, 2016)], comparing

radius (within 50 km for c. 80% of plants, traits estimated from a

all variable combinations with low Pearson correlation coefficients

mean of c. 10 species). We used this method to limit the influence of

(< 0.6). We included covariates in the diversity models based on the

traits from geographically distant species in genera with wide trait

summed Akaike weights of all unsupervised models that contained

variation (such as Eucalyptus).

each variable (Figure 1). Planting age (in years, ln‐transformed) and

All traits were ln‐transformed to create variables with an approx-

plant density (expressed as plants per hectare, ln‐transformed) were

imately normal distribution. For each trait, we calculated CWMs in

included in all candidate models. We selected all variables with an

each plot, and with all four traits we calculated three multi‐trait

importance > 0.2, choosing the more important variable where

functional diversity indices (Villeger, Mason, & Mouillot, 2008):

pairwise correlations were high. Along with planting age and plant

functional range (the volume of trait space occupied by the species

density, the best‐fitting environmental covariates selected by this

present in the plot); functional evenness (how evenly spaced the

process were ln‐transformed moisture availability [annual rainfall

traits of the species are); and functional divergence (a measure of

(in millimetres)/annual potential evapotranspiration (in millimetres);

how similar or different the species traits are) [dbFD function, FD

higher values indicate moister conditions], mean annual minimum

package (Laliberte, Legendre, & Shipley, 2014)].

temperature (in degrees Celsius) and soil sand content (expressed
as a percentage).

2.2 | Modelling

Our initial model contained only an intercept with random
effects for spatial groupings, to act as a null model for model com-

The response variable for all models was an estimate of primary pro-

parison. To this model we added planting age, plant density and the

ductivity, calculated by dividing the plot above‐ground biomass by

other environmental covariates (“ADE model”). Two‐way interac-

the time since planting establishment (in years). These values rep-

tions were considered only where biologically appropriate and were

resent “mean annual biomass increments”, with units of kilograms

removed if they did not improve the model Akaike information cri-

per hectare per year. Given that our plantings were still fairly young,

terion by at least two units. Next, we ran three diversity models:

stand growth rates were likely still to be exponential, and older plant-

one with species richness, one with trait CWMs and one with the

ings were likely to have a steeper slope of annual biomass accrual

three functional diversity indices included as fixed effects. All fixed

than younger plantings. We corrected this by ln‐transforming mean

effects were standardized (mean = 0, SD = 1) to allow comparison of

annual biomass increment values before modelling. We note that

partial regression slopes. We used likelihood ratio tests to compare

these estimates of productivity exclude below‐ground biomass and

the ADE model with the null model, and the various diversity models

|
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F I G U R E 1 Importance of potential covariates in explaining variation in plot productivity [ln(kg biomass/ha/year)] in forest plantings,
correlation between covariates, and correlation of covariates with diversity indices. The importance of covariates was established by
summing the Akaike weights of unsupervised model selection that contained each variable (fitted to all combinations of variables with
correlation coefficients < 0.6). Plant density (“Density”) and planting age (“Age”) were retained in all models. Variables included in diversity
models are shown with bold text and black bars and include all variables with summed Akaike weights of > 0.2 (except for Rainfall and
Moisture, for which, owing to strong correlation, the higher‐weighted variable was chosen). Age = planting age; Density = plant density; Elev
Rel = elevation relief; FRv, FEm and FDm = functional range, evenness and divergence, respectively; Moisture = moisture availability; Prec
Seas = precipitation seasonality; Richness = rarefied species richness; Solar = annual mean of daily solar radiation; Tmin and Tmax = annual
mean minimum and maximum temperature; TWI = topographic wetness index (n = 30). The Supporting Information (Table S1) contains
details and sources for all environmental variables
with both the null and ADE models. Model summary and compari-

(Hothorn, Bretz, & Westfall, 2008)] to adjust confidence intervals for

son tables are available in the Supporting Information (Supporting

multiple comparisons (as described by Westfall, 1997).

Information Tables S2‐S9).
To test for differences in BEF relationships in different environmental conditions, we grouped our study plots using k‐means cluster-
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ing, based on the three environmental variables included in the ADE
model (Supporting Information Figure S3). We chose eight groups

As expected, our assessed diversity indices had almost zero correla-

that explained 80% of environmental variation between sample plots.

tion with abiotic covariates (Figure 1), which is evidence that the rare-

Using these groups, we modelled the correlation of species richness,

fied richness in our study plots was not a product of local conditions.

functional diversity indices and trait CWMs with residual plot‐level

Overall, our estimates of primary productivity were best predicted by

productivity from the continent‐wide ADE model. These residuals

the local environment, plant density and, in some cases, the functional

were used as the response variable in a linear mixed‐effects model

traits of the dominant species (CWMs); productivity was not corre-

(random‐effects structure as specified above) with three fixed effects:

lated with species richness or functional diversity indices.

environmental group (categorical predictor), species richness and their
interaction. This process was repeated, substituting trait CWMs and
functional diversity indices for species richness. Slopes for each envi-

3.1 | Age, density and environment

ronmental group in all models were compared with zero using gen-

The addition of planting age, plant density and environmental (ADE)

eralized linear hypothesis testing [glht function, multcomp package

variables substantially improved model fit (Table 1). In particular, stem

6
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Results of linear mixed‐effects models of plot productivity [ln(kg biomass/ha/year)]
Compared with null model

Compared with ADE model

Log‐likelihood

Likelihood ratio

p‐value

Likelihood ratio

p‐value

1,542.318

−767.159

–

–

–

–

1,367.277

−671.638

191.041

< .001

–

–

ADE + species
richness

1,368.388

−671.194

191.930

< .001

.889

.346

ADE + functional
diversity indices

1,379.576

−675.788

202.916

< .001

11.875

.018a

ADE + trait CWMs

1,363.402

−665.701

182.741

< .001

8.300

.016

Model

Akaike information
criterion

Intercept‐only (null)
ADE

Notes: The null model included only an intercept with nested random effects to reflect spatial clustering. The age, density and environment (ADE)
model includes five fixed effects [ln(planting age), ln(stem density), ln(moisture availability), soil sand content and average minimum temperature]
and three interaction terms (moisture availability:density, age:density and age:min temp). Three additional models were created from the ADE model
by adding species richness, community‐weighted trait means (CWMs) and three functional diversity indices, respectively. We compared all tested
models with the null and ADE models using likelihood ratio tests.
a
The model incorporating functional diversity indices was a significantly poorer fit than the ADE model, not better.

density and moisture availability showed strong positive correlations

model (Table 1). In the continent‐wide model, SLA and seed mass

with estimates of plot productivity (Figure 2a; Supporting Information

CWMs had significant positive relationships with plot productivity

Table S3). Planting age had a near‐zero main effect, but had negative

(Supporting Information Table S8). When modelled by environmen-

interactions with plant density and minimum temperature (Figure 2a;

tal group, SLA CWM had a significant positive relationship with plot

Supporting Information Table S3). The interaction between plant den-

productivity in the “tropical rainforests” group, and wood density

sity and planting age indicated that, on average, the positive effect of

had a significant negative relationship in the “wet woodlands” group

plant density on productivity was negligible after c. 25 years of age.

(Figure 3b and h; Supporting Information Table S9).

The interaction between planting age and average minimum temperature predicted that older plantings (> 15 years old) in cooler regions
and younger (< 5 years old) plantings in warmer regions were the most
productive (Figure 2d). There was an additional significant interaction
between plant density and moisture availability, which suggested that
the positive effect of increased density on plot productivity was far
weaker in wet than in dry regions (Figure 2b and c).

4 | D I S CU S S I O N
Our results suggest that productivity is not correlated with species and functional diversity in Australian forest and woodland
plantings, regardless of whether these were assessed within individual environmental groups or across the entire arable region of
Australia. We found patterns associated with individual functional

3.2 | Diversity indices
When rarefied species richness was added to the age, density and
environment model, its coefficient was close to zero (Figure 2a;
Supporting Information Table S4), indicating that observed species richness did not have a detectable effect on plot productivity.
When relationships were examined separately within environmental groups, only one group showed a relationship between richness
and plot productivity, but it was not significant (“arid woodlands”
in Figure 2e; Supporting Information Table S5). The addition of the
three functional diversity indices (functional range, evenness and
divergence) resulted in a significantly poorer model fit (Table 1), and
these indices were not significantly correlated with productivity in
either the continent‐wide or environmental group models (Figure 3;

traits that resembled mass ratio effects, but evidence that functional traits or species richness are useful predictors of forest productivity in reforestation was much weaker than expected based
on other large‐scale forest studies (e.g., Liang et al., 2016; Zhang
et al., 2012). We suggest that studies in multispecies forest plantings are a useful addition to our understanding of BEF relationships. Observed species richness in our study was not related to
abiotic conditions (Figure 1) and varied across plantings in similar abiotic conditions (Supporting Information Figure S5e). These
factors allowed us to examine the relationship between richness
and productivity across a range of conditions, without needing to
account for the covariance between richness and key environmental variables. It also meant that we could explore how functional
composition (through functional diversity indices and trait CWMs)

Supporting Information Tables S6 and S7).

related to planting productivity.

3.3 | Trait means

4.1 | Environmental correlations with productivity

In contrast to the near‐zero effects of functional diversity, the

We found that higher plant density was correlated with higher

inclusion of trait CWMs improved model fit relative to the ADE

stand‐level productivity, but this positive effect was reduced in older

|
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D

E

7

F

G

H

F I G U R E 2 Summary of results from models predicting primary productivity at the continent scale (a–d) and per environmental group (e).
(a) Standardized partial regression slopes from linear mixed‐effects models. Significant interaction terms are shown in grey and illustrated
in (b–d). Axis limits of surface plots are set to 5th and 95th quantiles of relevant predictors to better represent data coverage across the
surface. (e) Map showing study plots aggregated into eight groups with similar environmental conditions. We estimated relationships
between species diversity and productivity by extracting population‐level residuals from the model shown in (a) (excluding “species
richness”), which were modelled as a function of rarefied species richness (n = 30), environmental group and their interaction, to allow for
different slopes per group. Regression slopes and 95% confidence intervals are plotted for each group. One group (“arid woodlands”) showed
a positive relationship with species richness, but it was non‐significant (Supporting Information Table S5). Shading on the map represents
annual rainfall, and the density of sites across the rainfall gradient is shown in the bottom left. We modelled primary productivity in units of
ln(kg/ha/year), but plotted relationships in units of ln(tonnes/ha/year) to increase visual clarity. Medit = mediterranean; Sub‐tr = sub‐tropical
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D

E

F

G

H

I

J

K

F I G U R E 3 Slope coefficients from functional diversity and community‐weighted trait mean (CWMs) variables used to explain residual
primary productivity [ln(kg biomass/ha/year)] in environmental groupings, after correcting for planting age, plant density and environmental
variables (see Materials and Methods for details). Error bars are 95% confidence intervals, corrected for multiple comparisons. Significant
effects are shown with filled circles (Supporting Information Tables S7 and S9). FRv, FEm and FDm = functional range, evenness and
divergence, respectively; SLA = specific leaf area

plantings and in mesic locations (Figure 2a–c). In mesic regions, this

allowing deeper root penetration and by reducing loss of ground-

pattern could have resulted from slower rates of self‐thinning, lead-

water by upward capillary action (Sperry & Hacke, 2002). This lower

ing to persistently high‐density stands of competitively suppressed

mortality in sample plots could have increased stand‐level produc-

stems (Gerhardt, 1996). These stands might only be as productive as

tivity simply by maintaining more plants. Alternatively, the positive

stands with fewer, larger individuals.

effect of sand content might reflect the distinctiveness of mediter-

The positive relationship between soil sand content and pro-

ranean climates in Australia. These regions have higher soil sand

ductivity (Figure 2a) was counter to expectations, and there are

content than the other regions examined (Supporting Information

two possible explanations for this. Sandy soils have been shown

Figure S4) and receive mostly winter rainfall. Thus, seasonal rain-

to reduce tree mortality in semi‐arid Australian communities by

fall coinciding with periods of lower evaporative demand might have

|
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driven greater productivity in these regions than predicted using our

(e.g., Verheyen et al., 2016), they were still immature, and transient

annual estimates of moisture availability.

dynamics may be influential (Fukami & Morin, 2003). Previous
research has found that the importance of diversity in maintaining

4.2 | Trait correlations with productivity

productivity increases as communities mature (Meyer et al., 2016;
Reich et al., 2012). Alternatively, repeated sampling of our study sites

In contrast to diversity indices, CWMs were stronger predictors of

during their development might have uncovered a temporal insur-

stand‐level productivity across Australia (Table 1), although when

ance effect of diversity on productivity that could not be observed

plantings were split into environmental groups, these relationships

in our single‐time‐point study (Yachi & Loreau, 1999).

were most apparent in particular environments (Figure 3).
The positive effect of SLA in tropical rainforests accords with

In our model containing trait CWMs (the best‐fitting model in
our study), most of the unexplained variance in productivity was

a global relationship between SLA and primary productivity (Reich,

between plantings in the same region (Supporting Information Table

Walters, & Ellsworth, 1997). It might not have been observed in drier

S7). Although no timber was harvested from our study plots, and fire

environmental groups owing to low variation of SLA, because most

did not affect our plots (Supporting Information Figure S1), a number

Australian forests and woodlands are dominated by sclerophyllous

of plantings were periodically grazed by livestock once plants were

species with relatively low SLA (Supporting Information Figure S5a)

established to control weeds. This grazing might have reduced pro-

(Wright, Reich, et al., 2004b).

ductivity, especially from shrub species. Our productivity estimates

The negative effect of wood density on productivity in the

do not account for biomass lost to herbivory; therefore, this grazing

wet woodlands group is possibly attributable to the prevalence

might have obscured positive diversity–productivity relationships. In

of several commonly planted nitrogen‐fixing tree species (in par-

addition, grazing is likely to limit recruitment into plantings, which,

ticular, Acacia pycnantha and Acacia mearnsii); these species have

over a longer time period, might reduce diversity or result in ecosys-

low wood densities, are fast growing and can tolerate high intra-

tem collapse.

specific densities [A. mearnsii, while native to Australia, is listed in

Agricultural legacy effects can influence both planted (Cramer,

the global top 100 invasive species (Lowe, Browne, & Boudjelas,

Hobbs, & Standish, 2008) and naturally regenerating forests (Dwyer,

2000)]. The observed relationships are consistent with mass ratio

Fensham, & Buckley, 2010b). Soil compaction can reduce the growth

effects, where the traits of the dominant species (low wood den-

rate of woody plants (Kozlowski, 1999) and thus reduce stand pro-

sity Acacia in this case) drive productivity, rather than the diver-

ductivity regardless of planted diversity. Nutrient addition, typical

sity of dominant and subordinate species’ traits. In this case, the

of agricultural practices, has also been shown to lower the diver-

strength of this effect might diminish over time as intraspecific

sity of grasslands by reducing trade‐off opportunities (Harpole &

competition intensifies and slows productivity, as is the case in

Tilman, 2007). As such, the flat diversity–productivity relationship

other densely regenerating Acacia stands (Dwyer, Fensham, &

we observed might be attributable to species with redundant nutri-

Buckley, 2010a).

ent acquisition strategies performing poorly in enriched conditions,

The positive effect of seed mass CWM on productivity across
Australia appears to have been driven by high productivity in trop-

thereby reducing the productivity bonus expected when plantings
are diverse.

ical rainforests and in plots elsewhere that were dominated by
fast‐growing Acacia species. Rainforest species have large seeds
compared with other Australian forest types, and Acacia seeds are

4.4 | Implications of our results

generally an order of magnitude larger than seeds of other common

Notwithstanding these possible explanations, we are certainly not

woody Australian genera, such as Eucalyptus and Corymbia.

the first to report weak, absent or variable diversity–productivity relationships in forest systems (Finegan et al., 2015; Lasky et

4.3 | Potential explanations for neutral diversity–
productivity relationships

al., 2014; Ratcliffe et al., 2016, 2017; Sullivan et al., 2016; Vila et
al., 2013). The conclusions emerging from these studies, and ours,
is that there are circumstances in which diversity makes a vari-

We acknowledge that our findings are not in line with most BEF

able, minor or even negligible contribution to overall community

research. Indeed, the most recent meta‐analysis of diversity–pro-

productivity.

ductivity relationships in observational studies found a consistent

Our findings suggest that we should be cautious in assum-

positive relationship in woody systems (Duffy et al., 2017). We sug-

ing that the dominant positive relationship can be extrapolated to

gest three possible explanations for why we may not have observed

unstudied and under‐studied systems. This is particularly important

a positive diversity effect: (i) the use of immature forest communi-

because some recent studies have assumed that a strong positive

ties; (ii) potential non‐random disturbance in sampled plantings; and

diversity–productivity relationship is universal and offer suggestions

(iii) agricultural legacy effects.

for conservation and restoration management action based on this

Despite the fact that a number of plantings surveyed in our

assumption (e.g., Carwardine et al., 2015; Pichancourt, Firn, Chades,

study were as old as some established forest diversity experiments

& Martin, 2014). This is not to say that diversity cannot provide
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on an earlier draft. We thank all organizations involved in data col-

with productivity. There is evidence that diversity is correlated more

lection for their support, in particular Greening Australia, CSIRO

strongly with ecosystem functions related to community resilience

and the Queensland Department of Agriculture and Fisheries, in

than with production (Ratcliffe et al., 2017). Resilience and per-

addition to all Australian state environment departments for per-

sistence are important considerations for restored and managed for-

mitting collection of plant material on public reserves for func-

est communities, especially given that the outcomes of restoration

tional trait estimation. This study has been supported by the TRY

action are notoriously variable (Brudvig et al., 2017; Suding, 2011),

initiative on plant traits (http://www.try-db.org). The TRY initiative

and simplified, low‐diversity communities may be more likely to col-

and database is hosted, developed and maintained by J. Kattge

lapse into undesirable alternative states (Lindenmayer, Messier, &

and G. Bönisch (Max Planck Institute for Biogeochemistry, Jena,

Sato, 2016). Such a collapse is likely to have negative effects on the

Germany). TRY is currently supported by DIVERSITAS/Future Earth

output of desirable ecosystem functions, including productivity.

and the German Centre for Integrative Biodiversity Research (iDiv)

Biodiversity–ecosystem function research is currently limited by

Halle‐Jena‐Leipzig.

geographical bias and the two primary sources of data: controlled
field experiments and observational data collected in natural systems. Field experiments are contrived analogues of true ecological

AU T H O R C O N T R I B U T I O N S

systems that explore narrow windows of space and time. It is debat-

J.M.D. and M.M.M. devised the project. T.L.S., J.M.D. and M.M.M.

able whether the results of these experiments can be extrapolated to

developed the research questions and study design. J.R.E. pro-

different conditions, different years or different species (Diamond,

vided the survey data. T.L.S. and J.R.E. processed existing planting

1983). In contrast, observational data can be collected across a

data. T.L.S. collated online functional trait data, collected field‐

range of ecological conditions but lack controlled variables, which

sampled functional trait data, analysed data and created all the

makes identification of causal relationships difficult. Here, we show

figures. All authors contributed to the writing and editing of the

that reforestation plantings are a viable and useful resource for for-

manuscript. J.M.D. and M.M.M. made equal contributions as sen-

est BEF research; one that, despite limitations, offers unique advan-

ior authors.

tages that these other data sources lack. Plantings on ex‐agricultural
land can contain different subsets of the regional species pool
(Supporting Information Figure S3) and an artificially defined diversity that is unrelated to environmental conditions (Figure 1). In addition, different‐aged plantings can be sampled across and between
regions, allowing for the study of older communities (e.g., > 20 years

DATA AC C E S S I B I L I T Y
Although raw data are held under data agreements, code and minimal data necessary to reproduce all results and figures are available
at Zenodo 10.5281/zenodo.3258926 (Staples, 2019).

old) and communities replicated across environmental gradients.
Finally, given the importance of restoration activities, particularly
for aiding in conservation and climate change mitigation activities,
study of existing plantings can inform management and practice.
It is important to note that we do not claim that diversity has no
effect on productivity. Instead, we provide evidence that a positive
relationship is not evident in planted forests across a wide range of
woodland and forest systems, at least in the first few decades of
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growth. In the context of designing reforestation plantings that provide
many benefits, productivity does not appear to increase with diversity
in our study region. Our findings are important for developing a more
nuanced understanding of when, and in what circumstances, diversity
can be used effectively to boost productivity in managed forest systems and when other factors might be more important to consider.
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