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Integrative modelling reveals mechanisms linking
productivity and plant species richness
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How ecosystem productivity and species richness are interrelated is
one of the most debated subjects in the history of ecology'. Decades
of intensive study have yet to discern the actual mechanisms behind
observed global patterns®>. Here, by integrating the predictions
from multiple theories into a single model and using data from
1,126 grassland plots spanning five continents, we detect the clear
signals of numerous underlying mechanisms linking productivity
and richness. We find that an integrative model has substantially
higher explanatory power than traditional bivariate analyses. In
addition, the specific results unveil several surprising findings that
conflict with classical models*”. These include the isolation of a
strong and consistent enhancement of productivity by richness,
an effect in striking contrast with superficial data patterns. Also
revealed is a consistent importance of competition across the
full range of productivity values, in direct conflict with some
(but not all) proposed models. The promotion of local richness
by macroecological gradients in climatic favourability, generally
seen as a competing hypothesis®, is also found to be important in
our analysis. The results demonstrate that an integrative modelling
approach leads to a major advance in our ability to discern the
underlying processes operating in ecological systems.

Ecosystem productivity and species diversity are essential to the
ability of natural systems to provide goods and services. Yet, for dec-
ades there has been debate over their interrelationship. In the 1970s
and 1980s, conflicting models predicted that elevated productivity
would lead to reductions in species richness*~’. Beginning in the mid-
1990s, scientists started to seriously debate another possibility: that
richness could promote productivity’~!2. While experimental studies
generally support a biodiversity enhancement of productivity'*!'4,
the precise strength of the effect in natural systems and the relation-
ship of this process to other factors that can influence productiv-
ity remain major questions. Adding to the debate, macroecological
theories propose that regional diversity is controlled by gradients
in climatic favourability and evolutionary history'> and that these
larger-scale effects are important determinants of smaller-scale diver-
sity patterns®.

The search for a canonical bivariate productivity-richness relation-
ship lies at the heart of the debate among ecologists. This pursuit is
fuelled, in part, by the history of the discussion, which has focused
on bivariate predictions'®. At the same time, it is also seen by some as
a means of assessing the overall importance of various mechanisms
operating in natural systems. While many different mechanisms have
been discussed, the primary competing theories make four main
conflicting predictions: (1) richness and productivity should increase
together with increasing resources and environmental favourabil-
ity until limits to coexistence are reached at high productivity and
richness declines, producing a humped-shape relationship*~!7;
(2) richness promotes productivity, leading to a positive relationship®’;
(3) richness and productivity increase together because climatic gradi-
ents in productivity lead to increased regional species pools, creating
a positive relationship but from a separate mechanism?®; and (4) the
richness—productivity relationship will be of inconsistent form because
the mechanisms controlling them vary in their scale-dependence and
relative importance!®1%.

Empirical tests of the generality of hypothesized bivariate produc-
tivity—richness patterns have reported a wide variety of results and
have produced substantial discussion?*~?*. Recent global studies>*
have disagreed with regard to whether a coherent pattern exists for
natural grasslands. What has been agreed upon, however, is that the
low explanatory power coming from conventional analyses suggests
the need to pursue an integrative understanding of the causal mecha-
nisms controlling productivity-richness relationships.

One potential explanation for why debate over mechanisms is prov-
ing difficult to resolve is because productivity and richness are jointly
controlled by a complex network of processes'?**-28, Overcoming
the challenge of evaluating more complex hypotheses requires both
advanced statistical modelling approaches and large-scale systematic
data collection efforts. Here, we used structural equation modeling® to
integrate key predictions from competing theories into a multi-process
hypothesis for evaluation. We then evaluated the hypothesis using
data collected for that purpose by a global consortium, the Nutrient
Network (http://nutnet.org). The data collected comprise samples
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Figure 1 | Comparison between low-dimension
(top panel) and high-dimension (bottom panel)
examinations of data. A, Raw bivariate plot of
above-ground productivity and species richness
in 1-m? plots (n = 1,126). Different sites are
represented in the graphs by different colours,

assigned by mean site richness from low (yellow)
to high (red). B, Plots a-c visualize site level partial
relationships indicated by corresponding letters in
Fig. 2 (n =139 sites). Plots d—f visualize plot level
partial relationships indicated by corresponding
letters in Fig. 2 (n=1,126 1-m2 plots). Units are
standardized residual deviations from predicted

partial scores.
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from 1,126 plots collected at 39 grass-dominated sites around the
world. Variables measured include plant species richness, productivity
(measured as the annual biomass increment), total biomass (the accu-
mulated non-woody biomass, live and dead, including litter), along
with many of the drivers hypothesized to be important for regulating
their variations. Additional information is provided in the Methods.

To integrate theoretical expectations from competing theories, we
mined the productivity-diversity literature to determine the main
theoretical constructs discussed and the hypothesized interconnec-
tions between constructs (see Methods). We used this information to
develop a structural equation meta-model that assimilates the essential
theoretical constructs and hypothesized connections into a network of
multivariate expectations (Extended Data Fig. 1, Extended Data Table 1
and Supplementary Information). This meta-model, along with the
available data, guided our development of a structural equation model
for empirical evaluation. We evaluated model-data consistency to deter-
mine whether there were missing linkages in the initial model as well as
to determine the support for proposed links. We further addressed the
question, ‘what dimension of model (that is, number of parameters and
linkages) is required to detect the signals in the underlying data?’. For
this, we evaluated lower-dimensional versions of the model by remov-
ing linkages and re-evaluating against the data. More methodological
detail is provided in the Methods and Supplementary Information.

A simple bivariate plot of richness against productivity (Fig. 1A)
reveals little about the underlying mechanisms. Previous analyses of
such bivariate relations have found it difficult to even detect signif-
icant associations>*°. However, our analysis based on an integrative

Plot richness

model reveals strong, clear signals consistent with numerous proposed
mechanisms, including several that are not at all suggested from the
bivariate data.

First, we found clear evidence that the accumulation of total bio-
mass (hereafter simply ‘biomass’) leads to a negative effect on spe-
cies richness. At the site level, the partial effect (ry) of biomass on
richness in the model was strong (Figs 1B, a and 2; ry=—0.77). The
reduction of richness was not found to be mediated by our one-
time measurement of average shading at the ground surface, which
was subsequently dropped from the model. At the plot level, how-
ever, we found evidence that biomass increases shading (rs=10.56),
which in turn, decreases richness (Figs 1B, d, e and 2; ry= —0.34).
The negative effects of biomass on richness appear consistent with
long-standing hypotheses that predict a hump-shaped productivity-
richness relationship due to competitive dominance at high pro-
ductivity>”. However, while those hypotheses assume increasing
competitive intensity with increasing productivity, our results reveal
a linear effect across the full range of biomass observed in this study
(Fig. 1B, a).

Second, we found a positive, linear enhancement of productivity
by richness in the model. This effect was among the strongest found
at the site-scale (Figs 1B, b and 2; rp=0.67), and was detectable,
although weak, at the plot-scale (Figs 1B, fand 2; r9=10.02). A surpris-
ing feature of the site-level result is the apparent absence of a levelling
off of the biodiversity enhancement of productivity at higher levels
of richness. Such a continuous effect has been theorized for larger-
scale studies and contrasts with the asymptotic levelling off usually
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Table 1 | Select standardized partial effect sizes (and standard errors) ranked by magnitude and proposed interpretations

Effect

Magnitude

Proposed interpretation

Site-scale

Soil fertility — productivity
Site biomass — richness
Site richness — productivity

1.104 (0.220)
~0.771(0.143)
0.671 (0.214)

Productivity variations are most strongly related to spatial variations in site fertility.
High biomass sites have depressed species richness, presumably via some form of competitive dominance.
Increasing richness contributes to higher productivity.

Climate — richness
Heterogeneity — richness
Climate — productivity

0.669 (0.113)
0.627 (0.119)
0.589 (0.195)

Richness increases with increasing mean annual precipitation during warmest quarter.
Species coexistence strongly regulated by within-site spatial heterogeneity in vegetation cover.
Combined effects of macrogradients in temperature and precipitation are moderately important in

controlling site-to-site variations in productivity.

Soil suitability — richness
Disturbance — richness
Disturbance — biomass

0.439 (0.107)
~0.251(0.116)
~0.185 (0.084)

Correlation between soil fertility —0.56 (0.109)
and soil suitability
Plot-scale
Biomass — shading 0.559 (0.089)
Soil suitability — richness 0.404 (0.074)
Shading — richness —0.342 (0.064)
Soil suitability — shading 0.249 (0.098)
Richness — productivity 0.017 (0.006)
sample.
Soil fertility — productivity 0.0 (NS)

Richness increases with decreasing sand and silt content of soils.

Sites subject to strong anthropogenic alteration (for example, pasturing) notably lower in richness.
Local grazing contributed to some biomass variation.

Influences of resources and filters on richness are distinct from those that regulate productivity.

Shading fairly strongly tied to biomass, although morphology and other features probably also important.
Plot-to-plot variations in richness tied to local variations in environmental edaphic filters.

Richness variations within site partially controlled by variations in competition via shading.

Variations in community traits driven by soil resources result in differences in amount of shading per gram.
Effects of natural plot-to-plot variations in richness can be discerned as an independent process in this

Plot productivity largely determined by site-level productivity, with no significant local control.

Site-scale and plot-scale effects are presented separately.

found in experimental (smaller-scale) studies'®. Previous attempts
to isolate an effect of richness on productivity with observational
data using simpler models have failed to do so (see Supplementary
Information).

Third, we found strong and independent influences of macroclimate
and soils on richness and productivity. The standardized effect sizes pro-
vide insights into the relative importance of these processes (Table 1).
At the site level, productivity was most strongly related to soil fertil-
ity, while richness was most strongly related to climate and soil suit-
ability, with heterogeneity and disturbance also important (Fig. 2).
Rather than being made up of similar environmental factors, the soil
environmental drivers of richness and productivity were negatively

Climatic
resources,

correlated at the site level (Table 1, 7y = —0.56), supporting previous
claims of their semi-independence?!. Thus, theories that presume a
simultaneous increase in productivity and richness with increasing
environmental favourability (see Supplementary Information) fail to
correspond with the independent responses to environmental drivers
observed in natural systems.

Our results show that failure to account for the variation in richness
and productivity explained by the environmental drivers would make
it difficult to detect the reciprocal influences of productivity and rich-
ness on each other. In fact, our capacity to isolate underlying processes
was highly sensitive to model dimensionality, where dimensionality
refers to the number of measured determinants of productivity and

Figure 2 | Structural equation model
representing connections between productivity
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regulators, Pisturbance rleterogenelty and richness supported by the data. ‘Biomass’
and filters refers to total above-ground accumulated
biomass. Letters correspond to partial plots
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richness included in the model (Extended Data Table 2). At both site
and plot levels, models omitting either productivity or biomass (but
not both) still permitted us to detect the feedback from richness to
biomass production. Any other simplifications at the site-level, how-
ever, resulted in a failure to detect previously detected pathways and
resulted in a dramatic loss of signal (as indicated by reduced values
of R? in the model).

Regarding scale dependence, plot-level values of productivity, bio-
mass, and richness were strongly related to site-level estimates (Fig. 2),
as is common with hierarchical data. This should be interpreted as
meaning much of the overall plot-to-plot variation in productivity,
biomass, and richness can be ascribed to site-to-site variations in those
properties. In this case, within-site variations in productivity were
explained solely by site-level productivity, as there were no predictors
for remaining among-plot variations. Within-site variations in rich-
ness, however, were additionally explained by within-site variations in
soil suitability and shading. Also sensitive to scale was the strength of
the feedback from richness to productivity, which was much stronger
at the site scale. While multiple factors probably play a role in this
scale-dependence, the simplest explanation here may be the smaller
span of conditions sampled within sites compared with across sites.

Finally, in contrast to a bivariate model, which our analyses suggest
can explain no more than 10% of the observed variation in richness,
our structural equation model explains 61% of the variation in richness
among sites, and 65% of the variation in richness among plots. An
ability to explain a substantial portion of the variation in richness is
tremendously important for potential conservation applications. Model
complexity is also important because of its more detailed mapping onto
nature, as our model can make statements about how both specific
management actions (such as reduction of biomass through mowing
or increase in soil fertility through fertilization), as well as shifts in
climate conditions, may alter both productivity and species richness.

Our findings give reason for optimism about the future of ecology
as a more precise and less ambiguous science. We show that many of
the proposed processes connecting productivity and richness offered
during previous decades operate simultaneously as parts of a whole
system of effects. Details of the findings, however, refine many of our
assumptions about how those processes operate. Our field’s previous
failure to resolve debate about productivity-richness relationships
stems from a lack of integration of ideas and absence of simultane-
ous tests of their combined implications. By integrating and testing
those ideas, our approach provides a systems-level understanding and
improves our chances to foresee the possible consequences of human
alteration of environmental factors, productivity, and richness now
occurring worldwide.

Online Content Methods, along with any additional Extended Data display items and
Source Data, are available in the online version of the paper; references unique to
these sections appear only in the online paper.
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METHODS

Development of meta-model hypothesis. A review and accounting of the history
of claims and disputed points in the published literature was developed before
construction of the meta-model that guided this analysis (Extended Data Fig. 1
and Supplementary Information). During this review, attention was paid to the
theoretical constructs invoked by various authors, since our goal was to provide a
framework that had the potential to clarify and resolve disputed points. Attention
was also paid to types of variable measured by different authors, as the relationship
between constructs and measurements constitutes one of the several sources of
ambiguity and confusion®*2. An in-depth description of the literature synthesized
to generate the meta-model is presented in the Supplementary Information.
Data. Data collected by the Nutrient Network Cooperative™ was used to design
and evaluate a structural equation model based on the meta-model presented. The
Nutrient Network is a distributed, coordinated research cooperative. Sites in the
Network are dominated primarily by herbaceous vegetation and intended to repre-
sent natural/semi-natural grasslands and related ecosystems worldwide. Individual
sites were selected to accommodate at least a 1,000 m* study design footprint. Most
sites sampled vegetation in 2007, although 12 sites sampled in 2008 or 2009. No
statistical methods were used to predetermine sample size. Samples were collected
using a completely randomized block design. The standard design has three blocks
and ten plots per block at each site, although some sites deviate slightly from this
design. A few sites are grazed or burned before sampling, consistent with their
traditional management. Further details on site selection and design can be found
at http://www.nutnet.org/exp_protocol.

In this study, we analysed data from 39 of the 45 sites considered in ref. 2 pos-
sessing a complete set of covariates (Extended Data Table 3). While ref. 2 only
examined bivariate relations between productivity and richness, our analyses
brought in many additional variables (Extended Data Table 1) so that we could
address the many hypotheses embodied in the meta-model. Individual plots with
greater than 10% woody plant cover were omitted from consideration to maintain
comparability in total biomass across plots. This step resulted in the removal of
73 plots, leaving 1,126 plots in the data set analysed. Four plots were omitted owing
to incomplete plant data and one for incomplete light data. For two of the sites, live
mass was estimated from total mass using available information on the proportion
of live to total. One apparent measurement error was detected for light data and
the associated plot removed from the analysed sample. Random imputation meth-
ods®* were used for cases where there were missing soil measurements at a site.
The decision to use this approach was based on weighing the demerits of deleting
nearly complete multivariate data records versus introducing a modest amount of
random error through the imputation process.

Study plots in this investigation had a perimeter of 5m x 5m and were separated
by 1 m walkways. A single 1 m x 1 m subplot within each plot was permanently
marked and sampled for species richness during the season of peak biomass. Sites
with strong seasonal variation in composition were sampled twice during the
season to assemble a complete list of species. To obtain an estimate of site-level
richness, we used a jack-knife procedure®. (Because there have been some recent
advances in the reduction of certain sources of bias in richness estimation®®, we
checked our original results by computing site-level richness using the new iNEXT
R package. The correlation between the two estimates of richness was found to
be 0.972.)

Productivity and total above-ground biomass were sampled immediately adja-
cent to the permanent vegetation subplot. Vegetation was sampled destructively
by clipping at ground level all above-ground biomass of individual plants rooted
within two 0.1-m? (10 cm x 100 cm) strips. Harvested plant material was sorted
into the current year’s live and recently senescent material, and into previous year’s
growth (including litter). For shrubs and sub-shrubs, the current year’s leaves and
stems were collected. Plant material was dried at 60 °C to a constant mass and
weighed to the nearest 0.01 g. We used the current year’s biomass increment as
our estimate of annual above-ground productivity, which commonly serves as
a measurable surrogate for total productivity®”. All sites used this protocol to
estimate productivity (except for the Sevilleta, New Mexico, site which relied
on species-specific allometric relationships®). Total above-ground biomass was
computed as the sum of the current year’s biomass and that from previous years
and included remaining dead material (litter). Photosynthetically active radiation
was measured at the time of peak biomass, both above the vegetation and at the
ground surface, the ratio representing the proportion of available light reaching
the ground. Degree of shading was computed as 1.0 minus the proportion of light
reaching the ground.

Within each plot, 250 g of soil were collected and air dried for processing
and soil archiving. Total soil %C and %N were measured using dry combustion
gas chromatography analysis (COSTECH ESC 4010 Element Analyzer) at the
University of Nebraska. All other soil analyses were performed at A&L Analytical

Laboratory, Memphis, Tennessee, USA; these included the following: extractable
soil phosphorus and potassium were quantified using the Mehlich-3 extraction
method, and parts per million concentration estimated using inductively coupled
plasma-emission spectrometry. Soil pH was quantified with a pH probe (Fisher
Scientific) in a slurry made from 10g dry soil and 25 ml of deionized water. Soil
texture, expressed as the percentage sand, percentage silt, and percentage clay,
was measured on 100 g dry soil using the Buoycous method. Further details on
sampling methodology are at http://www.nutnet.org/exp_protocol.

Climatic characteristics were obtained for each site from version 1.4 of BioClim,
which is part of the WorldClim* set of global climate layers at 1 km? spatial reso-
lution. To represent measures of temperature and precipitation with meaningful
relationships to plant growth in global grasslands, we selected mean temperature of
the wettest quarter of the year (BIO8) and total precipitation of the warmest quar-
ter of the year (BIO18). Climate values were extracted using universal transverse
Mercator (UTM) coordinates collected near the centre of each site.

Several derived variables were developed to include in the modelling effort. To
represent within-site heterogeneity, coefficients of variation were computed for the
site-level model based on plot-to-plot variation in plot-level measures. This allowed
us to examine the explanatory value of heterogeneity in soil nitrogen, phosphorus,
potassium, and pH, as well as heterogeneity in biomass and light interception.
Indices of total resource supply and resource imbalance were also calculated using
the method of ref. 27 and evaluated for inclusion in our models.

Disturbance history information for the sites was converted into four binary
(0,1) variables for analyses; information available included pretreatment history
of (1) substantial anthropogenic alteration (for example, conversion to pasture),
(2) grazing history, by wild or domestic animals, (3) active management (typically
haying or mowing), and (4) fire. Current levels of herbivory were estimated by
comparing biomass inside and outside exclosure plots located at each site.

Certain variables were constructed within the structural equation modeling
process using the composite index development methods of ref. 41. Consideration
of the ideas conveyed by the meta-model (Extended Data Fig. 1) and the specific
situation being modelled suggested the need to develop index variables for soil
fertility and soil suitability. Soil fertility indices were developed using all meas-
ured soil properties and were operationally defined as the drivers of productivity,
controlling for all other effects on productivity in the model. Two indices were
developed, one for site-to-site variations and another for plot-to-plot variations.
Similarly, soil suitability indices were developed for the site- and plot-level data
using all measured soil properties as potential contributors and operationally
defined as the drivers of richness, controlling for all other effects on richness in
the model.

Modelling with composites in structural equation models involved a two-step
process. First, we constructed a fully specified structural equation model (as repre-
sented in Fig. 2), but providing a specific set of soil properties to serve as formative
indicators for soil fertility and soil suitability. Variables that did not contribute to
the total model (on the basis of model fit indices) were eliminated individually for
the two composites being formed. The resulting prediction equations were used to
compute index scores. Then, the model was reconstructed, substituting the indi-
ces in place of the collection of individual soil properties. Documentation of this
process is provided in the Supplementary Information computer code (R script).
Analyses. A structural equation model was developed based on the ideas embod-
ied in the meta-model, available data, and the principles and procedures laid out
in ref. 42. Indicators for constructs were chosen from the set of variables availa-
ble and quantities that could be computed from them (Extended Data Table 1).
The modelling approach used was semi-exploratory in that while we worked to
address the general hypothesis embodied in the meta-model, the precise variables
(for example, mean annual precipitation versus mean annual precipitation in the
warmest quarter of the year) to use for certain constructs (specifically, resource
supplies and regulators) were determined empirically. Compositing techniques
were used to estimate construct-level effects*!. For comparative purposes, we ana-
lysed the bivariate pattern in Fig. 1A using a variety of regression models, including
Ricker-type nonlinear models as well as second- and third-order polynomials.
A three-parameter Ricker-type model provided the best fit for the data.

Data were screened for distributional properties and nonlinear relations.
Several variables were log-transformed as a result of evaluations (Extended Data
Table 1). We used the R software platform*® and the lavaan package** along
with the lavaan.survey®® package for our structural equation model analyses.
For the plot-scale model, robust x? tests, as implemented in the lavaan.survey
package, were used to judge variable inclusion and model adequacy because
of the nested nature of the plot-level data. Each link in the final model was
evaluated for significant contribution to the model. Final model fit to data was
very good for both submodels. Model fit indices were supplemented by using
additional diagnostic evaluations that involve visualizing residual relationships
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to evaluate conditional independence?. These residual visualizations allowed,
among other things, an ability to evaluate linearity assumptions and implement
curve-fitting procedures if needed (which was only the case for the composite
relationships in this case). Our structural equation model in this case is non-
recursive and includes a causal loop. Models of this form are commonplace in
structural equation model applications, although they come with some additional
assumptions and requirements. Specifically, there is a requirement for unique
predictors for the elements involved in loops, a requirement that was met in this
case. Additional analysis details are documented in the R script used for the
analysis (Supplementary Information).

Multi-level relations were incorporated into the architecture of our model.
Several ways to incorporate both site- and plot-level variations in the model were
considered and multiple approaches evaluated to ensure results are general. In the
model form presented, we chose to follow modern hierarchical modelling prin-
ciples and allow plot-level observations to depend on site-level parameters, since
plots were nested within sites. The result of choosing this approach means site-level
explanatory effects can filter down to the plot level while plot-level explanatory
variables (for example, pathways from edaphic conditions to plot richness) explain
additional plot-to-plot variations in responses that are not predicted from site-
level (mean) conditions. Consistent with the capabilities of the structural equation
model software used in our analyses (described below), we estimated site- and
plot-level submodels using a two-stage approach, first estimating parameters for
the site-level component and then using site productivity, biomass, and richness as
exogenous predictors in the plot-level component. Comparisons with results from
separate site- and plot-level models led to very similar conclusions, although the
hierarchical approach used allowed a better integration of processes and greater
variance explanation.

One of our objectives in this study was to assess the model dimensionality
needed to detect the hypothesized signals in the data. To do this, we started with
the most complete model (Fig. 2) and eliminated variables from the model (always
retaining richness and some measure of biomass production, either productivity
or total biomass). We then made any modifications needed to ensure adequate
model-data fit for these reduced-form models. The consequences of model simpli-
fication was judged on the basis of signal retention, in particular a loss of capacity
to detect signals associated with the remaining parts of the model.

LETTER

Code availability. The computer script associated with the analyses in this paper
is available as part of the Supplementary Information.
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Extended Data Figure 1 | Structural equation meta-model showing
hypothesized probabilistic expectations based on literature related
to the productivity-diversity debate. Solid lines represent expected
positive effects, dashed lines represent expected negative effects.

Literature and meta-model development are discussed in the
Supplementary Information. Specific implementations of this generalized
model for particular cases will probably differ in detail as appropriate for
the situation and available data.
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Extended Data Table 1 | Model variables and their indicators*
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Model Variables Indicator Variables Units**
Site Richness (log) estimated site richness number/site
Site Biomass (log) peak season total above-ground biomass, including litter mean g/m?
Site Productivity (log) peak season live above-ground biomass increment mean g/m?

Plot Richness (log)

Shading (log)

Plot Biomass (log)

Plot Productivity (log)

Climate Effect on Site Richness
Climate Effect on Site Productivity
Disturbance Effect on Site Richness
Disturbance Effect on Site Biomass

Heterogeneity

Soil Suitability (site and plot-level)

Soil Fertility (site and plot-level)

species in a plot

proportional reduction in light at ground surface

peak season total above-ground biomass, including litter

peak season live above-ground biomass increment

mean precipitation in warmest quarter

mean precipitation in warmest quarter temperature in wettest quarter
history of major anthropogenic influences

herbivory (based on exclosure studies)

CV for variations in vegetation density among plots at a site
(expressed in terms of canopy light interception variations)

function of(soil N, P, C, texture, pH) that maximizes richness,
controlling for other conditions.

function of(soil N, P, C, texture, pH) that maximizes productivity,
controlling for other conditions.

number/plot
0.0-1.0
g/m2 per plot
g/m2 per plot
mm

mm, °C
Oor1
proportion

unitless

unitless

unitless

*The data are provided along with the Supplementary Information.
#kUnits given are for the raw (untransformed) variables.
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Extended Data Table 2 | Results of model dimensionality evaluations

Model Level Model Signals Lost R’ for Richness
Site-level full model 0.62
heterogeneity node eliminated signal from disturbance to richness lost 0.33
disturbance node eliminated all paths retained 0.49
climate node eliminated signal from disturbance to richness lost; signal from 0.37

richness to productivity lost
soil fertility and suitability eliminated signal from disturbance to richness lost; signal from 0.16
richness to productivity lost; signal from climate to

productivity lost

biomass node eliminated all signals were retained 0.50
eliminate path from richness to significant misspecification, model fails to fit data unless
productivity path reinstated

Plot-level full model 0.67
soil fertility and suitability eliminated all signals were retained 0.51
shading node eliminated all signals were retained 0.56
biomass node eliminated no substantive signals lost 0.65
productivity node eliminated all signals were retained 0.67
eliminate path from richness to significant misspecification, model fails to fit data unless
productivity path reinstated

Models of different complexity were evaluated to determine the potential for model simplification. The bases for comparison were ‘full models’ for each site, as shown in Fig. 2. The consequences of
removing various components of the models are summarized under the columns ‘Signals lost’ and ‘R? for richness’.
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Extended Data Table 3 | Basic information on the study sites included in the final analyses
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Site Code Site Name Continent Region Country State Site Lead Pls
amcamp.us American Camp North Pacific Coast (North us Washington Jonathan D. Bakker; Janneke Hille Ris Lambers
America America)
azi.cn Azi Asia Asia CN Gansu Chengjin Chu; Qi Li; Wei Li; Gang Wen; Guozhen Du
barta.us Barta Brothers North Central plains (North us Nebraska David Wedin
America America)
bldr.us Boulder South North Central plains (North us Colorado Kendi Davies; Brett Melbourne
Campus America America)
bnch.us Bunchgrass (Andrews  North Montane West (North us Oregon Eric Seabloom; Elizabeth Borer
LTER) America America)
bogong.au Bogong Australia Australia AU Victoria John Morgan; Joslin L. Moore
bttr.us Buttercup (Andrews North Montane West (North us Oregon Eric Seabloom; Elizabeth Borer
LTER) America America)
burrawan.au Burrawan Australia Australia AU Queensland Jennifer Firn; Yvonne Buckley
cbgb.us Chichaqua Bottoms North Central plains (North us lowa W. Stanley Harpole; Lori A. Biederman; Kirsten S.
America America) Hofmockel; Lauren Sullivan
cdpt.us Cedar Point North Central plains (North us Nebraska Johannes M. H. Knops
Biological Station America America)
derrau Derrimut Australia Australia AU Victoria John Morgan
elliot.us Elliott Chaparral North Pacific Coast (North us California Elsa Cleland
America America)
fnly.us Finley NWR North Pacific Coast (North us Oregon Eric Seabloom; Elizabeth Borer
America America)
gilb.za Mt Gilboa Africa Sub-saharan Africa ZA KwaZulu- Peter D. Wragg
Natal
glac.us Glacial Heritage North Pacific Coast (North us Washington Jonathan D. Bakker; Janneke Hille Ris Lambers
America America)
hall.us Hall's Prairie North Central plains (North us Kentucky Rebecca L. McCulley; Jim Nelson
America America)
hart.us Hart Mountain North Montane West (North us Oregon David Pyke; Nicole M. DeCrappeo
America America)
hnvr.us Hanover North Atlantic Coast (North us New Elizabeth M. Wolkovich; Kathryn L. Cottingham
America America) Hampshire
kiny.au Kinypanial Australia Australia AU Victoria John Morgan
look.us Lookout (Andrews North Montane West (North us Oregon Eric Seabloom; Elizabeth Borer
LTER) America America)
mtca.au Mt. Caroline Australia Australia AU Western Suzanne M Prober
Australia
pape.de Papenburg Europe Europe DE Lower Helmut Hillebrand
Saxony
sage.us Sagehen Creek North Montane West (North us California Daniel S. Gruner; Louie Yang
UCNRS America America)
sava.us Savannah River North Atlantic Coast (North us South John L. Orrock; Ellen |. Damschen; Lars Brudvig
America America) Carolina
sedg.us Sedgwick Reserve North Pacific Coast (North us California Carla M D'Antonio; W. Stanley Harpole; Elizabeth
UCNRS America America) Borer; Eric Seabloom
sereng.tz Serengeti Africa Sub-saharan Africa TZ T. Michael Anderson
sevi.us Sevilleta LTER North Central plains (North us New Mexico Scott Collins; Laura Ladwig
America America)
sgs.us Shortgrass Steppe North Central plains (North us Colorado Cynthia S. Brown; Julia A. Klein; Dana M.
LTER America America) Blumenthal; Alan Knapp
shps.us Sheep Experimental North Montane West (North us Idaho Peter Adler
Station America America)
sier.us Sierra Foothills REC North Pacific Coast (North us California Eric Seabloom; Elizabeth Borer; W. Stanley Harpole
America America)
smith.us Smith Prairie North Pacific Coast (North us Washington Jonathan D. Bakker; Janneke Hille Ris Lambers
America America)
spin.us Spindletop North Central plains (North us Kentucky Rebecca L. McCulley; Jim Nelson
America America)
summ.za Summerveld Africa Sub-saharan Africa ZA KwaZulu- Peter D. Wragg
Natal
temple.us Temple North Central plains (North us Texas Philip A Fay
America America)
trel.us Trelease North Central plains (North us lllinois Andrew Leakey; Xiaohui Feng
America America)
tyso.us Tyson North Central plains (North us Missouri John L. Orrock; Ellen |. Damschen; Tiffany Knight
America America)
ukul.za Ukulinga Africa Sub-saharan Africa ZA KwaZulu- Nicole Hagenah; Kevin P Kirkman
Natal
unc.us Duke Forest North Atlantic Coast (North us North Charles Mitchell; Justin Wright
America America) Carolina
valm.ch Val Mustair Europe Europe CH Grisons Anita C. Risch; Martin Schuetz

A total of 39 sites from the Nutrient Network (http://nutnet.org) possessed sufficiently complete multivariate data to be incorporated into this analysis.
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