
Several scales of biodiversity affect
ecosystem multifunctionality
Jae R. Pasaria,1, Taal Levia, Erika S. Zavaletaa, and David Tilmanb

aEnvironmental Studies Department, University of California, Santa Cruz, CA 95064; and bDepartment of Ecology, Evolution and Behavior, University of
Minnesota, St. Paul, MN 55108

Edited by Mary E. Power, University of California, Berkeley, CA, and approved May 6, 2013 (received for review November 28, 2012)

Society values landscapes that reliably provide many ecosystem
functions. As the study of ecosystem functioning expands to
include more locations, time spans, and functions, the functional
importance of individual species is becoming more apparent.
However, the functional importance of individual species does
not necessarily translate to the functional importance of bio-
diversity measured in whole communities of interacting species.
Furthermore, ecological diversity at scales larger than neighbor-
hood species richness could also influence the provision of mul-
tiple functions over extended time scales. We created experimental
landscapes based on whole communities from the world’s lon-
gest running biodiversity-functioning field experiment to investi-
gate how local species richness (α diversity), distinctness among
communities (β diversity), and larger scale species richness (γ di-
versity) affected eight ecosystem functions over 10 y. Using both
threshold-based and unique multifunctionality metrics, we found
that α diversity had strong positive effects on most individual
functions and multifunctionality, and that positive effects of
β and γ diversity emerged only when multiple functions were
considered simultaneously. Higher β diversity also reduced the
variability in multifunctionality. Thus, in addition to conserving
important species, maintaining ecosystem multifunctionality will
require diverse landscape mosaics of diverse communities.
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As global biodiversity losses accelerate, a growing body of re-
search has documented the consequences of species losses to

ecosystem functions and services. Syntheses of experiments in this
field show that local species richness (α diversity) positively affects
the provision and maintenance of many ecosystem functions (1, 2).
The effects of individual species (3–5) and α diversity (6) also be-
come stronger as more functions are considered simultaneously
(ecosystem multifunctionality). However, the small scale and lim-
ited number of functions measured in biodiversity experiments do
not match the scales at which society usually manages biodiversity
or ecosystem functions and services. Furthermore, knowledge of
how biodiversity contributes to ecosystem functioning at multiple
scales is critical to conserving, managing, and restoring multi-
functional landscapes. Larger scale observational studies on bio-
diversity–ecosystem service relationships are increasing (7–19), but
their reliance on correlation and remote-sensing introduces
uncertainties that might underlie these studies’ inconsistent find-
ings about the concordance between biodiversity and landscape-
level ecosystem multifunctionality.
In addition to species richness within communities (α diver-

sity), it is plausible that the number of distinct communities
within a landscape (β diversity) and the total number of unique
species among all communities in a landscape (γ diversity) might
also contribute to ecosystem multifunctionality (6). No field
experiments have directly explored the effects of these higher
scales of diversity. Here we analyze the multifunctionality of over
7,500 experimental landscapes, each consisting of a different
combination of 24 of the 168 experimental perennial grassland
communities of the Biodiversity II experiment at the Cedar

Creek Ecosystem Science Reserve in Minnesota (20). We used
data from experimental communities in each experimental
landscape to determine each landscape’s diversity at three levels
(α, β, and γ), and each landscape’s aggregate functioning for eight
ecosystem functions (listed in Fig. 1). We did this for 5 different
years between 1997 and 2006, and on average across this full time
period. In contrast to previous work relying on species-based
models (3–5), we measured multifunctionality within 9 m × 9 m
experimental communities of interacting species (6). Measuring
functions at the level of each experimental community allowed us
to assess the effects of species diversity (rather than of the sum of
species identities) on ecosystem functioning. This approach
incorporates potential tradeoffs that can occur between species
and between functions (6), and thus more accurately reflects
ecosystem functioning in natural communities.

Results and Discussion
We found that α diversity was the strongest contributor to
landscape-level multifunctionality, and that β and γ diversity also
made significant contributions. Across all years and functions, all
three scales of diversity had significant positive effects on mul-
tifunctionality measured as the mean of all functions minus its
standard deviation in each experimental landscape (MF): MF =
0.46 α + 0.11β + 0.16γ (P < 0.001, R2 = 0.32, n = 7,512, Fig.1,
Table S1). The nature of these effects and their interactions
became more apparent after exploring the individual impact of
each scale of diversity on MF (Fig. 2). Whereas the main effects
of increased α and γ diversity were saturating increases in MF,
higher β diversity mainly decreased landscape-to-landscape var-
iance in MF (analysis of residual variance, P < 0.001, r2 = 0.24,
n = 7,512).
While α diversity consistently influenced each individual function,

all three scales of diversity affected MF (Fig. 1). Likewise, while α
consistently accounted for most of the explainable variation (R2)
of single function regressions, the explanatory power of β and γ
diversity became much more pronounced when multiple func-
tions were considered simultaneously (Fig. S1). Thus, under-
standing the drivers of multifunctionality requires examination of
multiple scales of biodiversity. Furthermore, the full effect of
biodiversity at each scale of diversity is not apparent unless mul-
tiple functions are considered together. While consideration of
multiple scales of diversity clearly improves our ability to explain
the magnitude of and variation in multifunctionality, much vari-
ation remains unexplained. Other components of diversity not
examined here (e.g., genetic diversity, species evenness, etc.)
likely contribute to differences in multifunctionality, as do envi-
ronmental conditions and broad drivers of global change (21).
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All three scales of diversity also affected multifunctionality
measured as the number of functions that exceeded discrete
functional thresholds (T) (6). Functional thresholds were set at
six quantiles (T = 0.2, T = 0.3, T = 0.4, T = 0.5, T = 0.6, and T =
0.7) based on the minimum and maximum observed functioning
for all functions across all experimental landscapes, and each
experimental landscape was assessed for the number of functions
it could achieve at each threshold. Unsurprisingly, fewer exper-
imental landscapes could achieve higher numbers of functions as
functional thresholds increased. However, experimental land-
scapes with high mean α diversity consistently achieved more
functions at every threshold than experimental landscapes with
lower α diversity (Table S1 and S2). In contrast, higher β diversity
increased the number of functions achieved at lower thresholds
but reduced the number achieved at higher thresholds, with
the transition occurring between the 50th and 60th quantile-
based thresholds (Fig. 3).
The switch in the directional effect of β diversity occurred

because only experimental landscapes with low β diversity were

capable of achieving very high multifunctionality, whereas high
β-diverse experimental landscapes more consistently achieved
moderate multifunctionality (Fig. 2B), a phenomenon that became
more pronounced as functional thresholds increased (Fig. 3). Thus,
increasing β diversity leads to higher multifunctionality only if we
require a low functional threshold for each function. As functional
thresholds increased, only a few low β-diverse experimental land-
scapes composed of highly multifunctional communities repeated
many times were capable of producing high numbers of functions
at high thresholds (Fig. 3). While the high multifunctionality of
these particular low β diversity experimental landscapes drives this
particular relationship, the aforementioned high functional vari-
ability of low β diversity experimental landscapes relative to high β
diversity experimental landscapes is once again apparent in our
analysis of multifunctionality thresholds here (Fig. 3).
This variability suggests that high β diversity gives rise to a

multifunctional version of the portfolio effect (22) that eliminates
the possibility of extremely high and low functioning experimental
landscapes, but ensures a moderate level of multifunctionality that
low β diversity experimental landscapes cannot guarantee. In the
same way that species-rich communities are generally more suc-
cessful at providing multiple functions due to functional comple-
mentarity, so too are β-diverse landscapes more reliable at
providing moderate levels of multiple functions at larger scales.
While ecosystem functioning is largely driven by species identity
and richness at the local and landscape scale, β-diversity provides
another level of insurance against loss of ecosystem functioning.
Since each plot in this study consists of a randomly assembled

experimental community, our results may also be influenced by
the assembly process of the original biodiversity experiment.
Some experimental communities may have low functionality
simply because they have species that are not well-suited to the
general locale, a situation that is less likely to occur in natural
communities structured by nonneutral assembly processes. As
such, the effects of β diversity reported here are likely conser-
vative relative to communities filtered through natural assembly
processes and containing complementary suites of species better
adapted to local conditions. While connectivity, dispersal, and
succession may also affect landscape-level functionality in some
ecosystems (23–25), we expect that most landscapes will possess
few intercommunity species interactions relevant to the types of
functions measured in this study, with the possible exception of
those mediated by consumers that can move between commu-
nities (e.g., insect richness and abundance).
This analysis takes advantage of experimental precision, con-

trol, and replication not possible in observational studies of large
landscapes. Nevertheless, the differences in species composition
and functioning between communities in some landscapes, par-
ticularly at ecological boundaries, likely exceed those in this study.
Thus, our results are also probably conservative because the
original experimental design limited the range of α and γ diver-
sities in these experimental landscapes. We expect that studies
incorporating more realistic community structure with larger
gradients in community composition will confirm and increase
estimates of the distinct contributions of all three scales of bi-
ological diversity to ecosystem functioning.
This study highlights the importance of unique ecological and

conservation considerations regarding the relationship between
biodiversity and ecosystem functioning. Most importantly, ana-
lyses of individual functions and single scales of diversity un-
derestimate the effects of biodiversity on ecosystem functioning.
Our results confirm the importance of local species richness to
ecosystem multifunctionality, and emphasize the neglected but
important contributions of β and γ diversity as well.
Second, high multifunctionality is associated with high α and

high γ diversity, suggesting that both local species richness and larger
scale diversity contribute to ecosystem functioning. Put differently,
the experimental landscapes with the highest multifunctionality

Fig. 1. Biodiversity effect sizes. Standardized regression coefficients for
α, β, and γ diversities in nine multiple regressions explaining cross-year
averages of MF and each single function (soil carbon data from 2006 only).
R2s reflect the proportion of variance explained in each regression (P < 0.001
for all coefficients). β diversity is calculated as the number of experimental
communities in an experimental landscape that do not share exactly
the same species composition. Results with β calculated as 1 – Sorensen’s
Index are qualitatively similar, as are analyses of partial r2s (Fig. S1 and
Table S2).

Fig. 2. Effects of α, β, and γ diversity on MF. Relationships between MF
and α (A), β (B), and γ (C ) diversity in 7,512 experimental landscapes. α and
γ increase multifunctionality, while β mainly decreases its variance. Flexi-
ble, best-fit saturating curves are not forced through 0 (P < 0.001 for all).
β ranges from 1 (blue) to 24 (red) in A and α ranges from 1 (blue) to 16 (red)
in B and C.

2 of 4 | www.pnas.org/cgi/doi/10.1073/pnas.1220333110 Pasari et al.

http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1220333110/-/DCSupplemental/pnas.201220333SI.pdf?targetid=nameddest=ST1
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1220333110/-/DCSupplemental/pnas.201220333SI.pdf?targetid=nameddest=ST2
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1220333110/-/DCSupplemental/pnas.201220333SI.pdf?targetid=nameddest=SF1
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.1220333110/-/DCSupplemental/pnas.201220333SI.pdf?targetid=nameddest=ST2
www.pnas.org/cgi/doi/10.1073/pnas.1220333110


are those that are mainly composed of a suite of high α diversity
communities. However, since landscapes with both high α and γ
diversity are not always possible, it is important to consider the
valuable role of β diversity to reduce functional variability in
landscapes lacking high species diversity.
Our analyses reinforce earlier studies demonstrating the in-

creased importance of species diversity for ecosystem function-
ing as more functional, temporal, and environmental contexts
are considered (3–5). Moreover, they show that both local and
regional diversity can simultaneously contribute to ecosystem
multifunctionality at larger scales. While multifunctionality at
larger scales was influenced by landscape-scale species rich-
ness, the effects of local species richness were even stronger,
suggesting that the way species are organized into communities
on landscapes heavily influences the effects of diversity on eco-
system functioning. As such, the processes that control the as-
sembly of natural communities may be of central importance in
relating the results of experimental studies of randomly as-
sembled communities to nature.

Methods
Wemeasured eight ecosystem functions (Fig. 1) using 1997, 1998, 1999, 2002,
and 2006 data from the Cedar Creek Biodiversity II experiment in which 168
9 m × 9 m field plots were planted with randomized combinations of 1, 2, 4,
8, and 16 perennial grassland species (20). We created 7,512 simulated ex-
perimental landscapes, each composed of a constrained random selection of
24 plots, to create a broad and even distribution of α, β, and γ diversity (see
SI Methods for details). Since there is no spatial component to these experi-
mental landscapes, plots were selected independently of their spatial loca-
tion in the original biodiversity experiment.

We assessed the ability of experimental landscapes to achieve several
quantile-based thresholds of each function across all experimental landscapes
and functions (6). We also calculated a unique multifunctionality metric (MF)
as the mean of all functions minus its SD in each experimental landscape,

where each function was scaled to the maximum observed among all ex-
perimental landscapes, and individual functions at the landscape scale were
the sums of each function among its 24 experimental communities.

Within each experimental landscape, γ diversity was calculated as the
number of unique species, and α diversity as the average α of all 24 ex-
perimental communities. We calculated β using two separate metrics with
contrasting response sensitivities. Results using the less sensitive metric
reported in the text (β, the number of experimental communities in an ex-
perimental landscape that do not share exactly the same species composi-
tion) suggest similar but usually more conservative effects than results using
our more sensitive metric (β, 1-Sorensen’s Index, Table S1 and S2).

We used ordinary least squares regression to determine how the in-
dependent variables of α, β, and γ diversity influenced the dependent var-
iables of each individual function, the number of functions achieved
above each threshold, and MF. To compare the strength of effects and
explanatory power of each independent variable, we calculated standard-
ized regression weights and partial coefficients of determination (partial
r2) for each diversity metric in multivariate models of each dependent
variable.

Standard transformations of independent variables did not improve re-
gression diagnostics, or significantly improve model fit. Multicollinearity
tolerances always exceeded 0.2, indicating that multicollinearity did not bias
interpretations (26, 27). All three biodiversity metrics were included in all
regressions reported and displayed in the main text and are the best models
according to Akaike Information Criterion (AIC). We tested for landscape
independence and correlation structure by regressing model residuals
against each diversity metric. No correlation structure was detected for
any regression and P values approached 1. Including diversity interaction
terms in multiple regressions on multifunctionality increased overall model
R2s by less than 10% relative to regressions with no interaction terms. Given
the difficulties of interpreting interactions between continuous variables
(28) and their limited explanatory power in this case, we do not report them.
We performed all analyses using the R software package (29).
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