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Abstract
Species abundance distributions (SADs) link species richness with species
abundances and are an important tool in the quantitative analysis of ecological
communities. Niche-based and sample-based SAD models predict different
spatial scaling properties of SAD parameters. However, empirical research on
SAD scaling properties is largely missing. Here we extracted percentage cover
values of all occurring vascular plants as proxies of their abundance in 1725
10-m2 plots from the GrassPlot database, covering 47 regional data sets of
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19 different grasslands and other open vegetation types of the Palaearctic biogeographic realm. For each plot, we fitted the Weibull distribution, a model
that is able to effectively mimic other distributions like the log-series and lognormal, to the species–log abundance rank order distribution. We calculated
the skewness and kurtosis of the empirical distributions and linked these
moments, along with the shape and scale parameters of the Weibull distribution, to plot climatic and soil characteristics. The Weibull distribution provided
excellent fits to grassland plant communities and identified four basic types of
communities characterized by different degrees of dominance. Shape and scale
parameter values of local communities on poorer soils were largely in accordance with log-series distributions. Proportions of subdominant species tended
to be lower than predicted by the standard lognormal SAD. Successive accumulation of plots of the same vegetation type yielded nonlinear spatial scaling
of SAD moments and Weibull parameters. This scaling was largely independent of environmental correlates and geographic plot position. Our findings
caution against simple generalizations about the mechanisms that generate
SADs. We argue that in grasslands, lognormal-type SADs tend to prevail
within a wider range of environmental conditions, including more extreme
habitats such as arid environments. In contrast, log-series distributions are
mainly restricted to comparatively species-rich communities on humid and
fertile soils.
KEYWORDS
lognormal distribution, log-series distribution, Palaearctic grassland, plant cover, spatial
scaling, species abundance, Weibull distribution

INTRODUCTION
More than 80 years after the seminal work of Motomura
(1932), the concept of the species abundance distribution
(SAD) in ecological communities remains a focus of ecological interest (Matthews & Whittaker, 2014; McGill
et al., 2007; Ulrich et al., 2010). SADs link species richness with relative species abundances and exhibit a consistent general form with many rare and few abundant
species (McGill et al., 2007). They are important in the
quantitative analysis of ecological communities, particularly in the quantification of rarity (Kunin, 1997), competitive hierarchies (Mac Nally et al., 2014), niche
partitioning (Sugihara et al., 2003; Tokeshi, 1999),
changes in species functional traits (Dantas de Miranda
et al., 2019), and the concept of neutral community
assembly (Hubbell, 2001; May, 1975). Recent interest has
shifted from statistical distribution fitting (Alonso
et al., 2008; Baldridge et al., 2016; Morlon et al., 2009;
Ulrich et al., 2010) and the testing of the underlying
niche-based
and stochastic
theories
(Connolly
et al., 2005; Magurran & Henderson, 2003) toward the

analysis of observed and predicted changes in relative

abundances across spatial (Borda-De-Agua,
et al., 2012;
Ferreira de Lima et al., 2020; Šizling et al., 2009) and temporal (Tomašových & Kidwell, 2010) scales. A greater
understanding of the scaling of SADs and the functional
consequences of SAD scaling patterns are not just of theoretical interest, and will likely be useful in biodiversity
management (Matthews & Whittaker, 2015).
Competitive and niche-orientated approaches have
often assumed SADs to be generic properties of ecological
communities determined by species interactions (Centurion
& L
opez Gappa, 2011; Tokeshi, 1999) and niche partitioning (Sugihara, 1980). Niche-orientated SAD model
parameters are determined by species richness and the
specific pattern of niche division, but not by the temporal
or spatial dynamics of community assembly. However,
sample-based theoretical work has demonstrated that the
parameters of important SAD models change with increasing sample size (Green & Plotkin, 2007; Šizling et al., 2009)
and patterns of spatial aggregation (Dornelas & Connolly,
2008). These models include the exponential series, characterized by identical proportions of species along the gradient

ECOLOGY

of log-transformed species abundance (Motomura, 1932),
the log-series sample distribution, characterized by a few
highly abundant species and an excess of species represented by a single individual (Fisher et al., 1943), and the lognormal distribution, characterized by a comparatively high
number of species with intermediate abundance and similar
numbers of relatively abundant and rare species (Gaston &
Blackburn, 2000; Preston, 1948). Importantly, Locey and
White (2013) demonstrated that the shape of SADs is determined by the interplay of the total numbers of individuals
and species. Both increase with increasing sample area.
Therefore, the sample behavior of SADs should automatically translate into changes in SAD shape across spatial
scales. The situation is complicated by the fact that local
communities are not simply random samples from the
larger regional species pools. Instead, they result from three
basic processes: species-specific dispersal, habitat filtering,
and local species interactions (e.g., D’Amen et al., 2017;
Török et al., 2018; Vellend, 2016). These three processes
operate differently at different spatial scales. As such, for
this reason, we also cannot expect SADs to be invariant of
spatial scale.
At spatial extents above the local community, two
contrasting theoretical approaches predict different SAD
shapes. Neutral approaches generally predict that logseries SADs will characterize regional species pools
(Hubbell, 2001), as reported by Wu et al. (2019). In contrast, Connolly et al. (2005) reported scale-invariant lognormal regional SADs of exhaustively sampled marine
fish and coral reef communities, arguing that the
observed invariance results from the corresponding scaling of multiple ecological processes that force SADs into
a lognormal shape. We note that Šizling et al. (2009)
argued against exact scale invariance of lognormal SADs.
These authors showed that, if the SAD at one scale is lognormal, the SADs at other scales converge on rightskewed distributions that can appear roughly lognormal,
resulting in apparent scale invariance.
Across taxa, studies have reported changes in the
(i) parameters of the models that best fit local SADs with
increasing spatial scale and (ii) type of SAD model that
provides the most accurate representation of the empirical distribution (in what follows referred to as the SAD

shape). For example, Borda-de-Agua
et al. (2017)
reported that the variance and skewness of arthropod
SADs changed predictably according to an allometric
function along spatial gradients. Wu et al. (2019) found
consistent directional temporal changes in initially variably shaped local forest tree SADs toward regional logseries distributions as predicted by neutral, dispersaldriven models (Hubbell, 2001). Ferreira de Lima
et al. (2020) identified a decreasing hierarchy of factors
that trigger variability in Brazilian Atlantic forest SAD
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shapes across spatial and temporal scales: sample size,
conspecific aggregation, and β-diversity. Antão et al. (2021)
found that Poisson lognormal models, including those
with multiple modes, provided the best fit to large-scale
SADs of multiple taxa (the log-series never provided the
best fit to the largest-scale SADs), whereas a mix of logseries and Poisson lognormal models provided the best
fits to the SADs of smaller areas.
This prior work has not resolved the question of
whether observed changes in SAD shapes with grain
size and in response to the aforementioned three
basic processes (interactions, filtering, dispersal) occur
in a predictable way and whether they are taxon- or
community-specific. It also remains unclear whether
SAD scaling involves gradual changes in parameter
values within the same type of distribution or, instead,
large and abrupt shifts (i.e., breakpoints) in parameter
values and thus switching between different types of
distributions. Sample theory (Green & Plotkin, 2007)
assumes gradual changes in SAD model parameter values
within the same general distribution shape, whereas certain
neutral models (e.g., Hubbell, 2001) predict larger shifts
from regional log-series SADs toward local lognormal-type
distributions, depending on the degree of dispersal limitation. Such changes in relative abundance have strong implications for the scaling of the ecological processes that
determine the hierarchy of species abundances. An empirical assessment of the type of scaling and the respective scaling parameters would allow for an improved extrapolation
of observed abundance distributions.
Except for the influence of dispersal, few empirical
studies have dealt with the ecological drivers that influence the spatial scaling of SADs, particularly for plants.
Global comparisons of woody (Matthews et al., 2019;
Ulrich et al., 2018) and dryland plants (Ulrich et al.,
2016) and local comparisons of forest gaps (Salvador-van
Eysenrode et al., 2003) have highlighted the importance
of climatic variability and environmental stress. Work on
other plant groups is lacking, as are scaling analyses
focused on fine, local-scale SAD data. Here we fill this
knowledge gap by focusing on extra-tropical grasslands
and other open vegetation communities. We use an
exceptionally large Palaearctic data set, the GrassPlot
database (Biurrun et al., 2019, 2021; Dengler et al., 2018),
to address the questions around the scaling of abundance
distributions, using percentage cover estimates as proxies
of abundance. The GrassPlot data stem from diverse site
conditions (e.g., from sea level to more than
5000 m above sea level [a.s.l.], from very wet to very dry
sites, and from humid to semiarid climates) and management regimes (e.g., natural, seminatural, intensified)
(Dengler et al., 2020). This variation makes it possible to
link the observed changes in SAD parameter values to
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environmental characteristics. Importantly, our data
allow us to study the scaling of SADs within identical
vegetation types and to compare the patterns of scaling
among vegetation types.
Based on the preceding discussion of empirical and
sample theoretical predictions, we examine (i) which
types of SADs are realized in extra-tropical grasslands,
(ii) how SAD shape changes across environmental gradients across the Palaearctic, and (iii) whether and how the
scaling of SADs along spatial gradients might influence
inferences of SAD variability at larger, geographical spatial scales.

MATERIALS AND METHODS
Vegetation-plot data
We compiled data from 3531 plots across 56 data sets from
the collaborative vegetation-plot database GrassPlot
(Biurrun et al., 2019; Dengler et al., 2018, https://edgg.org/
databases/GrassPlot). Using a minimum species richness
threshold of 20 to filter these data, we extracted vascular
plant data from 1725 single plots across 47 data sets each
covering an area of 10 m2 (data sets, metadata, and references in Ulrich et al., 2021). In total, these plots come from
20 different countries in Europe and Asia (Appendix S1:
Figure S1) and cover 19 broad vegetation types (2nd level
of the ecological-physiognomic typology of GrassPlot;
Biurrun et al., 2019). The lower richness boundary
(20) allowed for sufficiently precise SAD fits and enabled
us to assess the change in community parameters along
gradients of increasing richness and abundance (cf. Ulrich
et al., 2010). Abundances for all species in a plot were
assessed by the percentage cover (typically used in plant
SAD studies rather than actual abundances) (Anderson
et al. 2012; Chiarucci et al., 1999). Cover data are often
more strongly correlated with plant biomass than with the
number of ramets, that is, single shoots (Chiarucci
et al., 1999). Therefore, cover-based SADs are particularly
effective at quantifying the distribution of plant species biomass within and across vegetation plots.
For the analysis of spatial SAD scaling, we selected
40 plot clusters from the data sets, that is, groups of plots
from the original data set with identical vegetation type
that contained at least 15 individual plots (in total 1550
plots) (Ulrich et al., 2021). For each cluster, we started
SAD fitting with a randomly chosen plot of at least 20 species and gradually added the cover values of all other
plots in random order to obtain a cumulative plot
sequence (CPS), which also reflects increasing sample
area. This additive process implies that cumulative cover
values might be larger than 100. We note that these CPSs
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do not form sequences of spatially continuous vegetation
but are aggregations of discontinuous plots. Of course,
the SAD at the starting point and the specific ordering of
plots during accumulation might influence the inferred
scaling behavior and increase the variance in scaling patterns across these CPSs. However, we did not average
values of several runs of random accumulation within
each plot series because such averaging would artificially
smooth the spatial scaling and bias the pattern toward
what is predicted from sample theory in homogeneous
environments. The high number of individual plots
within each CPS guaranteed that the assessment of
changes in SAD parameters across a CPS would not be
influenced by the ordering of plot combination.
For each individual plot and each accumulation step
of the CPS, we fitted the Weibull distribution to the species rank–ln-abundance distribution (Whittaker representation) (Whittaker, 1965) using ln-transformed
relative cover values according to standard practice. The
final step of each CPS provides a rough estimate of the
abundance distribution of the regional species pool for
that cluster. The complete data set, including fitted
parameters and moments of the SAD distributions, is
contained in Ulrich et al. (2021).

Environmental variables
The GrassPlot data set contains a range of environmental
and geographical variables known to be important drivers
of plant diversity and distributions; certain variables are
only available for a subset of plots. In this study, for all
plots we used the geographical variables latitude, longitude,
and elevation. For 1111 plots, information on mean soil
depth, for 569 plots information on soil organic matter content (OMC), and for 338 plots information on soil C/N ratio
was available. Additionally, we retrieved data for average
annual temperature, annual precipitation, temperature
range and precipitation variability for all plots from the
CHELSA climate database (Karger et al., 2016). The complete geographical and environmental raw data for each
plot are contained in Ulrich et al. (2021).

Data analysis
Prior work on the variation in SAD shape between sites
largely relied on comparing the fits of different standard
models. However, reliable model comparisons need large
sample sizes, at least on the order of 20 species (Ulrich
et al., 2010; Wilson, 1993). Therefore, here we take a twopronged approach. First, we rely on model-independent
moments of SADs: the variance (σ2, second moment) as a
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measure of the range in plant cover, the skewness
(γ, third moment) as a measure of an excess of relatively
rare or abundant species, and the kurtosis (δ, fourth
moment) as a quantification of the proportion of species
with relatively intermediate cover. Additionally, we fitted
the two-parameter Weibull distribution to the observed
plant cover data. Recently, Ulrich et al. (2018, 2020) demonstrated that this distribution is sufficiently flexible to
mimic a wide range of observed SAD shapes. The model
allows for a continuous tracing of the changes in the two
Weibull parameter values (scale and shape) in order to
assess the scaling properties of observed SADs and to
relate these to environmental correlates.

Fitting the Weibull model to empirical SADs
The two-parameter form of the Weibull distribution has
the probability density function (PDF)
pðx > 0; φ;λÞ ¼

φ x φ1 ðxλÞφ
e
λ λ

ð1Þ

where φ is the shape and λ the scale parameter. The
Weibull shape parameter (φ) decreases with increasing

skewness of the distribution, and the scale parameter (λ)
increases with the observed range in abundance (Ulrich
et al., 2018). Consequently, λ and σ2 are positively correlated (present data: r = 0.73). The φ/λ quotient is more
closely related to the empirical variance of the SAD by a
power function (cf. Appendix S1: Figure S2 for the present data set). Shape parameters around φ = 2 mimic lognormal distributions, whereas φ = 1 refers approximately
to log-series distributions. When applied to species abundances, the random variate x must contain logtransformed abundances calculated for all species (S).
The Fortran code used for asymptotic ordinary leastsquares fitting of the Weibull distribution (using a
pattern-seeking algorithm) has already been presented in
Ulrich et al. (2018) and is freely available from the
corresponding author upon request. As a measure of
goodness of fit we used
2 the average sum of least squares:
P
fit ¼ S1 S1 ln pi  ln wj ,where ln pi and ln wj denote the
ln-transformed observed and Weibull fitted relative abundances, respectively. Ulrich et al. (2018) compared different types of SAD from small to intermediate sized
Japanese forest tree communities (<100 species) and
reported fit values <0.05 as being excellent, whereas fit
values >0.3 were considered poor. Figure 1 contains six
typical examples from the present data set of excellent to

F I G U R E 1 Six example fits of the Weibull distribution to grassland community species abundance distributions (SADs), with different
2
P 
values of the goodness-of-fit measure. Goodness of fit was calculated as the average sum of least squares: fit ¼ S1 S1 ln pi  ln wj , where ln
pi and ln wj denote ln-transformed observed and Weibull fitted relative percentage cover values. Letters (e.g., RO_AP) refer to CPS plot code
(Appendix S1: Table S5) (Ulrich et al., 2021)
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poor fits and demonstrates that fit values <0.3 can still be
considered very good. Weibull model fits to the SADs of
each plot, including observed and estimated cover values
for each species together with respective SDs of the estimates, are contained in Ulrich et al. (2021).

Statistical analysis
For each of the individual plots and each accumulation
step of the CPSs, we calculated the skewness (γ) and the
kurtosis (δ) of the SAD. We note that a symmetric lognormal distribution has a skewness of γ = 0, while a negative
skewness indicates an excess of relatively rare species
(note that this regards log-abundance distributions: distributions of raw abundances with an excess of rare species
are right skewed) (e.g., Šizling et al., 2009). A standard
lognormal distribution is characterized by a kurtosis of
δ = 3. Higher kurtosis values mark an excess of species
with intermediate abundances. Additionally, we calculated the proportional β-diversity of each cumulative plot
series as β ¼ 1  α=γ, where α is the average local (plot)
and γ the total species richness of the CPS.

ULRICH ET AL.

Graphical comparisons of λ-values of single plots
(Figure 2a) and CPS (Figure 3a) against total cover
indicated the existence of four clearly separated groups
of SADs. We optimized classification using k-means
clustering applied to the quotient of λ/ln(cover values)
and fitted ordinary logarithmic least-squares regressions to each group individually. Discriminant analysis
served to relate these groups to environmental variables. Nested linear mixed-effects modeling (GLM) and
parametric ANOVA with post hoc Tukey tests were
used to relate the SAD parameters to community species richness, total ln-abundance, and environmental
variables. To infer any nonlinear patterns with regard
to changes in the various SAD moments and parameters (γ, δ, φ, λ) with spatial scale, we included the
squared zero centered ln-cover term (separately calculated for each of the 40 CPSs into the analysis). Because
the spatial extent of the study area, that is, the area
encompassed by the plots within the CPSs, might influence the results we also added the average pairwise
plot distance within each CPS as a covariate. We estimated the impacts of predictor variables from partial η2
values,

F I G U R E 2 Plots of (a, c) Weibull scale parameter λ and (b, d) shape parameter φ against (a, b) total plant cover values and (c, d)
species richness for all 1725 single plots returned four clearly defined groups of plots (A, B, C, D) with respect to the intercept value of λ.
Groups were less clearly defined with respect to φ. Community membership of these four groups is provided in Ulrich et al. (2021).
Regression lines refer to (a, b) ordinary least-squares logarithmic and (c, d) linear regressions. Broken lines in (a) indicate boundaries of
group membership
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F I G U R E 3 Plots of (a, c) Weibull fit scale parameter λ and (b, d) shape parameter φ against (a, b) plant cumulative cover and (c, d)
species richness for all aggregation steps of cumulative plot series highlight the four clearly defined groups of plots (A, B, C, D) with respect
to the intercept value of λ. Groups were less clearly defined with respect to φ. Community membership of these four groups is provided in
Ulrich et al. (2021). Regression lines refer to ordinary least-squares logarithmic regressions. Broken lines in (a) indicate boundaries of group
membership
SSeffect
partial η2 ¼ SSeffect
þSSerror ,

where SS denotes the sum of squares. Calculations
were undertaken using Statistica 12.0.
We also applied polynomial ordinary linear segmented
least-squares regression to the SAD parameter values versus
ln-cover of each of the 40 CPSs, as implemented in
SigmaPlot 14. A significant breakpoint indicates a nonlinear
scaling of the respective parameters along the total cover
value (and therefore area) axis of a given CPS. As the spatial
distribution of the analyzed GrassPlot plots was clustered
and absolute spatial distances might be important, we used
eigenvector mapping and added the dominant eigenvector
(EV1) of the Euclidean plot distance matrix to the GLM
models as a covariate.

RESULTS
Goodness of fit
The majority of the grassland plant SADs were very well
fitted by the Weibull distribution (fits in Ulrich

et al., 2021, Figure 1; Appendix S1: Figure S3). Among
the 1725 individual plots, 400 (23.2%) had fit values <0.1,
indicating excellent to very good fits (e.g., Figure 1a),
1135 plots (65.8%) had fit values <0.3, indicating very
good fits (e.g., Figures 1b, c), and only 196 (11.4%) were
comparatively weakly fitted by the Weibull distribution
(fit >0.75, e.g., Figure 1e,f). Goodness of fit differed significantly between plots (Appendix S1: Table S1). Species
richness did not significantly influence goodness of fit
(Appendix S1: Table S1).

Variability in SAD parameters between
SAD groups
With 868 individual plots (50.3%) and 1263 CPS aggregation steps (81.5%), most fitted SADs were characterized by φ > 2.0, equivalent to lognormal-type SADs.
Only 423 individual plots (24.5%) and 47 of the CPS
aggregation steps (3.0%) had φ < 1.5, equivalent to a
log-series SAD. SAD skewness γ decreased with plot
abundance, indicating an excess of rare species at
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higher total cover values (Appendix S1: Figure S4c).
Kurtosis δ was largely independent of cover and richness (Appendix S1: Figure S4d,h).
Plots of φ and λ against cover values and species richness in combination with k-means cluster analysis
pointed to four distinct groups of grassland SADs differentiated by the scaling of λ with plant cover (Figures 2a
and 3a; Appendix S1: Table S2). Group differentiation
was less obvious with respect to φ (Figures 2 and 3;
Appendix S1: Table S2), although k-means clustering still
confirmed >40.0% group memberships (Figures 2b,d
and 3b,d; Appendix S1: Table S2). The four groups did
not significantly differ with respect to α-, β-, and
γ-diversity or to local cover (Figure 4a). One-way
ANOVA indicated that there was a moderate effect of
vegetation type on group membership (partial
η2 = 0.08, p < 0.001). In particular, Group B dominated in
alpine, xeric, rocky, and sandy dry grassland communities, while Group C dominated in meso-xeric, mesic,
and Mediterranean grasslands, as well as in wetlands
(Appendix S1: Figure S3a).
Linear modeling detected significant differences among
the four SAD groups with respect to the γ and δ of the SAD
distribution and the Weibull parameter values (Table 1,
Figure 4). Groups A and B SADs were on average characterized by a slightly negative empirical γ, indicating an excess
of rare species (Figure 4b), while the SADs of Groups C and
D were significantly right skewed in accordance with an
excess of abundant species (Figure 4b). For all four groups,
δ ranged between 2 and 3, with a decrease toward Group D
(Figure 4b). Weibull φ was lowest (<2.0) for Group D communities (Figure 4b).

Environmental influences
The climatic variables used here, in addition to elevation and latitude, did not significantly influence the
observed SAD shapes (Table 1; Appendix S1:
Figure S5). φ and λ increased and γ decreased with soil
OMC (Appendix S1: Figure S6e,g,h), while γ increased
and λ decreased with soil C/N ratio (Appendix S1:
Figure S6i,l). Discriminant analysis also did not detect
any significant influence of climatic variables on SAD
group membership (Appendix S1: Table S3). However,
we found a strong indirect influence of soil characteristics on SAD group membership and therefore on SAD
shape (Figure 4c; Appendix S1: Table S3). Group C
communities were related to deeper soils with
increased C/N ratios, while increased OMC was most
common for Group A communities (Figure 4c). Group
A communities dominated at higher, and Group D
communities at lower, elevation (Figure 4c).

F I G U R E 4 (a) Average values of α-, β-, and γ-diversity, and
average local cover values (Clocal) for cumulative plot sequences (CPS)
within the four species abundance distribution (SAD) groups
(uppercase letters) identified in Figure 2. There were no significant
differences between types. (b) Average values of skewness (γ),
kurtosis (δ), shape (φ), and scale (λ) parameters of single grassland
SADs, within the four groups. All group comparisons significantly
differed within each parameter. (c) Average soil depth, soil organic
matter content (OMC), soil C/N ratios, and plot elevation within the
four groups. For soil depth, Groups B and C significantly differed
from Groups A and B; for OMC Group A significantly differed
from B, C, and D; for C/N ratios C and D differed from A and B; and
for elevation A and D differed and both differed from B and C. Error
bars denote SEs. Significances at the two-sided 1% error level between
groups were tested with one-way ANOVA and post hoc Tukey tests

Spatial scaling of SAD parameters
The Weibull parameters increased with increasing cumulative cover values (equivalent to increasing area) in a
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T A B L E 1 General linear modeling detected significant differences in empirical species abundance distribution (SAD) skewness (γ) and
kurtosis (δ), and Weibull shape (φ) and scale (λ) parameters, between four groups of grassland plant communities (as defined in Figure 2)
and between vegetation types
γ

δ

Variable

df

Partial η2

SAD group

3

0.29***

β

φ

Partial η2

…
…

β

λ

Partial η2

0.04***

…

β

Partial η2

0.36***

…

0.05***

…

0.02***

…

0.24

0.01**

0.23

0.03***

0.32

<0.01

0.05

0.01**

0.20

<0.01

0.06

0.94***

…
…

Vegetation type

18

0.03***

Tmean

1

0.02***

Trange

1

Pmean

1

Pseasonality

1

EV1

1

<0.01

0.02

<0.01

0.03

<0.01

S

1

<0.01

0.01

<0.01

0.02

<0.01

0.04

0.01**

ln C

1

0.04***

0.20

<0.01

0.04

0.03***

0.17

0.34***

0.20

…

0.39***

0.44***

…

0.95***

…

r

2

0.02***

0.28

…

<0.01
0.01**

0.10***

0.00
0.18

…

0.01**
<0.01
0.04***

0.13

0.04***

β

<0.01
0.01**

0.01
0.04

0.03

<0.01

0.00

0.33

<0.01

0.02

0.02

<0.01

0.02
0.02

Note: Tmean, Pmean, annual mean temperature and precipitation; Trange, temperature range; Pseasonality, precipitation seasonality; ln C, ln-transformed cover
values; S, species richness; and the dominant eigenvector of plot spatial distances (EV1) served as metric covariates.
Vegetation type entered the model as a random effect. Partial η2 - and β-values are shown.
Parametric significances: **p < 0.01, ***p < 0.001. N = 1719 for all four models.

F I G U R E 5 Plots of the relationships between species abundance distribution (SAD) skewness (γ), kurtosis (δ), Weibull fit shape (φ),
and scale parameters (λ), and ln-transformed cover values for four representative cumulative plot series. Red regression lines show
significant (p < 0.001) and gray lines nonsignificant (p > 0.10) piecewise regressions. The oval in (o) denotes a step change in scale value.
Site information for each of the four sites can be found in Ulrich et al. (2021).
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T A B L E 2 General linear modeling detected significant differences in empirical species abundance distribution (SAD) skewness (γ) and
kurtosis (δ), and Weibull shape (φ) and scale (λ) parameters, between four groups of grassland plant communities (as defined in Figure 2)
and between vegetation types
γ

δ
β

φ

Partial η2

Variable

df

Partial η2

SAD group

3

0.14***

…

β

λ

Partial η2

0.01

…

0.02

…

0.23***

β

Partial η2

…

β
…

0.89***

Vegetation type

10

0.04

…

Soil depth

1

0.01*

0.13

<0.01

0.04

<0.01

0.06

<0.01

<0.01

Organic matter content

1

<0.01

0.02

0.01

0.13

<0.01

0.02

<0.01

0.02

EV1

1

<0.01

0.08

<0.01

<0.01

<0.01

0.06

<0.01

0.02

S

1

0.01

<0.01

0.04

0.06***

0.08

ln C

1

0.01*

0.16

0.46***

0.30

Elevation

1

0.01*

0.04

0.94***

…

r

2

…

<0.01
0.26***

0.08

<0.01

0.02

0.12

<0.01

0.01

0.04

<0.01

0.02

…

<0.01

…

0.04

0.02**
<0.01
0.32***

…

…

0.05*

0.05
…

Note: ln C, ln-transformed cover values; S, species richness; and the dominant eigenvector of plot spatial distances (EV1) served as metric covariates.
The C/N ratio was not included because of the low number of remaining data points. Vegetation type entered the model as a random effect. Partial η2 effect
sizes and standardized slope parameters (β-values) are shown.
Parametric significances: **p < 0.01, ***p < 0.001. N = 442 plots for which all soil data were available.

T A B L E 3 Hierarchically nested general linear modeling (vegetation type nested in cumulative plot sequence [CPS], Z-transformed
cover values ZC, separately calculated for each CPS, and squared cover values ZC2 nested in vegetation type) detected significant nonlinear
dependencies of empirical species abundance distribution (SAD) skewness (γ) and kurtosis (δ), and Weibull shape (φ) and scale (λ)
parameters, with increasing ln-transformed cover values within each CPS
Variable

Nested in

CPS

df

γ

δ

φ

λ

23

0.74***

0.69***

0.81***

0.92***

Vegetation type

CPS

5

0.07***

0.14***

0.17***

0.29***

ZC

Vegetation type

8

0.08***

0.06***

0.17***

0.42***

ZC2

Vegetation type

8

0.04***

0.02**

0.04***

0.05***

0.02***

0.02***

0.74***

0.87***

Distance
r

2

1
…

<0.001
0.78***

<0.001
0.94***

Note: CPS and vegetation type entered the model as random effects. Given are partial η effect sizes.
Parametric significances: **p < 0.01***, p < 0.001. The average distance of plots within each CPS served as covariate. N = 1550 for all four models.
2

CPS-specific manner within and among each of the four
groups (Figure 3). A hierarchical GLM detected highly
significant influences of group membership (largely congruent with geographic position), vegetation type, and
cumulative cover on the SAD moments and Weibull
parameters (Table 3). The latter effect was not visible
when single plots were used (Appendix S1: Table S4).
The spatial distances of plots within each CPS had only a
minor influence on parameter variation (Table 3).
Segmented linear regression of ln-transformed cover
values against γ, δ, φ, and λ, within each CPS, revealed
highly variable nonlinear and often irregular relationships and, in 69% of the CPSs, significant breakpoints
(Figure 5, Table 3; Appendix S1: Table S5). In 47% of the
CPSs, the studied parameters decreased or increased continuously with increasing cover values (Appendix S1:

Table S5). Frequently, parameter values peaked at intermediate cumulative cover values (γ: 27.5%, δ: 45.0%, φ:
40.0%, λ 7.5%) (Appendix S1: Table S5). Patterns of
parameter change were generally not consistent within
each CPS (Figure 5; Appendix S1: Table S5).

DISCUSSION
Model fits and Weibull parameters
Our study shows that the two-parameter Weibull distribution generally provides excellent fits to cover-based
plant community SAD data (Figure 1; Appendix S1:
Figure S3). This is in agreement with previous work that
found the model did a good job of mimicking the
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distributions of Japanese woody plant communities
(Ulrich et al., 2018, 2020). Together with these previous
studies, our results indicate that the Weibull model provides a useful tool for researchers interested in SADs and
their ecological implications. Based on the Weibull fits,
we detected four different types of local communities
characterized by different φ and λ parameter combinations. These types were not directly linked to differences
in richness, abundance, and environmental conditions. It is
worth highlighting that these four groups might not have
been detected in SAD analyses based on classical fits to species number–log abundance distributions (Preston representations, Matthews & Whittaker, 2014) or in analyses based
solely on the moments of distributions or model goodness
of fit (e.g., Gross et al., 2017; Ulrich et al., 2010).
In answer to our first question, what types of SADs
are realized for vascular plants in extra-tropical grasslands, we found that in more than half of all single communities, particularly Group A and B communities, and
in more than two-thirds of CPSs, φ was greater than
2, indicating lognormal-type abundance distributions
across the spatial scales examined (Figure 3). These
results are in line with Ulrich et al. (2016), who reported
a similar prevalence of lognormal distributions in global
dryland plant communities. Lognormal SADs are generally considered to be characteristic of closed, dispersallimited local communities that are strongly controlled by
biotic interactions (Hubbell, 2001; Magurran & Henderson, 2003; Ulrich et al., 2010), although Connolly
et al. (2005), Enquist et al. (2019), and Antão et al. (2021)
found evidence that plant and animal communities also
exhibited lognormal SADs at large spatial scales. With
respect to grassland plants, relative abundances at the
local scale are generally thought to be mainly determined
by life form and, therefore, by habitat-filtering mechanisms and competitive interactions, not by dispersal
(Eriksson & Jakobsson, 1998). Silva et al. (2010) and Wu
et al. (2019), who analyzed SADs of sample distributions
in Brazilian Cerrado grasslands and Chinese forest trees,
respectively, indicated that regional understory forest
plant SADs are of the log-series type, as assumed by
dispersal-driven ecological drift models (Hubbell, 2001).
Our results contrast with these findings. We note that the
cumulative areas of the CPSs considered here are much
smaller than those of Silva et al. (2010) and Wu
et al. (2019), which may explain these differences. Nonetheless, our results do not provide support for ecological
theories based on the assumption of local and regionalscale log-series SADs, such as the maximum entropy theory of ecology (Harte, 2011), although we cannot exclude
the possibility that larger, continental grassland species
pools might still be log-series distributed, while at intermediate scales lognormal-type distributions prevail.
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There is an ongoing debate on whether the analysis of
SADs can reveal the underlying processes of community
assembly (e.g., Matthews & Whittaker, 2015; Zhou &
Ning, 2017; Wang et al., 2018; Feng et al. 2021). This
debate has two distinct aspects that are often confused.
The first aspect regards the type of SAD model or, more
precisely, whether process-orientated niche division
(e.g., Tokeshi 1998) or neutral models (Fisher et al., 1943;
Harte, 2011) provide better representations of nature.
This question is now arguably answered—both types of
models can mimic observed SADs, making it impossible
to infer the processes behind community assembly from
model fitting alone. Consequently, and based on the
application of Occam’s razor, probabilistic distribution–
based models, like the Weibull model, that make no
explicit assumptions about ecological processes are typically preferred (Hubbell, 2001; Locey & White, 2013;
Preston, 1948; Ulrich et al., 2018). The second aspect concerns the question of whether the observed parameter
values of well-fitting SAD models tell us something about
the processes of community assembly and whether they
can be related to ecological factors. For example, previous
studies at coarse spatial scales found SAD shape to be
partly driven by variation in climatic factors (e.g.,
Matthews et al., 2019; Ulrich et al., 2016). Our results
indicate that there are strong constraints on the Weibull
parameter space with respect to SAD shape but to a lesser
extent with respect to SAD scale (Figure 4b). Put another
way, observed SADs are characterized more or less by
symmetric distributions (low skewness) but with highly
variable absolute differences in abundances between species (Figure 4). Symmetric lognormal-type SAD distributions imply no excess of highly abundant or rare species.
Such an excess has been found in many animal and plant
SADs, particularly when using heterogeneous samples
across local habitat boundaries, where dispersal might
play a major role (Enquist et al., 2019; McGill, 2003). In
plant communities, dispersal dominates at early successional stages while species interactions increase in importance toward climax communities (Makoto & Wilson,
2018). Although we did not quantify the compositional
dynamics of the grassland communities considered in
this study, we assume that the majority are comparatively
stable and hypothesize that compositional stability in
plant communities is linked with more or less equal
numbers of very abundant and very rare species.
Ulrich et al. (2018) related the λ (Weibull scale)
parameter to the magnitude of abundance differences
within a community and, therefore, to the variance (σ2)
of the SAD. This work, in combination with our results
(Appendix S1: Figure S2), indicates that σ2 and λ are not
linked by a simple positive relationship, so each quantifies a different aspect of the SAD. More precisely, σ2 is a
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power function of the φ/λ relationship, with a sharp
lower boundary reflecting minimum possible values of
φ/λ approaching a lower boundary of 0.25 at maximum
observed variance in abundance (σ2 ≈ 16) (Appendix S1:
Figure S2). Ulrich et al. (2020) reported the same lower
value of φ/λ ≈ 0.25 for Japanese woody plants. Importantly,
this boundary is not set by the internal mathematical properties of the distribution. Therefore, we speculate that this
boundary represents abundance limits for ecologically stable local plant communities.
The kurtosis δ is a widely, although wrongly,
neglected moment of SADs (Gross et al., 2017). Despite
the discussion on the correct statistical interpretation of
this fourth moment (DeCarlo, 1997), with respect to
SADs we can safely argue that a high kurtosis is linked to
an excess of species with intermediate abundance. Low δ,
in contrast, points to a lack of these middle-class species.
These are subdominants that might gain dominance
either by competitive effects or after disturbances (Ulrich
et al., 2016). Our results do not point to an excess of such
subdominants (Figure 4). Except for communities with
very low abundance differences, we found a median
value of δ = 2.64 (quartiles: 2.20 and 3.26) in line with
distributions narrower than predicted by the standard
lognormal (δ = 3). Unfortunately, most prior work on
SADs did not report δ-values. A reassessment of data provided by Ulrich et al. (2020) and Gross et al. (2017) returned a median kurtosis of δ = 2.47 (2.11–3.06) for
Japanese woody plant communities and δ = 2.45 (1.99–
3.09) for global dryland plants. With respect to the SADs
of woody plants, birds, mammals, and miscellaneous
other taxa, a recent meta-analysis also revealed a general
tendency for increased proportions of rare species and,
consequently, a lower proportion of species with intermediate abundance (Diaz et al., 2021). We interpret this general tendency for local plant communities to exhibit a
deficit of subdominants in terms of competitive exclusion
along the hierarchy of competitive strength. However,
this is an ad hoc assumption that needs to be backed up
by corresponding simulation studies and field observations in hierarchical (transitive) and intransitive competitive networks of plant species (cf. Soliveres et al. 2015;
Wang et al., 2018). Importantly, our argument is based
on a comparison with the standard lognormal distribution that serves as a random expectation. Neutral local
communities with reduced dispersal ability will be close
to this assumption (Hubbell, 2001). Nevertheless, a more
appropriate null standard is required to enable better
interpretation of SAD kurtosis values.
A feature of this study concerns the use of cover data
as opposed to the actual numbers of individuals. However, while the number of individuals is the classical
abundance metric in SAD studies, other measures are
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also used (e.g., biomass, cover), particularly in plant studies where the counting of individuals in most cases is
infeasible because the majority of species exhibit clonal
growth. Anderson et al. (2012) demonstrated how different measures of plant abundance influence the assessment of the SAD. Of course, species log cover–rank order
SADs (Whittaker representations) as used here will give
different dominance orders than count data, simply
owing to the much larger variance of count data and the
resultant higher scale parameters of the respective model
distributions (Ferreira de Lima et al., 2020). Clearly,
Whittaker representations are least affected by this categorization affect. Nevertheless, the metric used to quantify abundance might influence, for instance, the
assessment of the proportion of very abundant or rare
species and might affect comparisons of SADs, for
instance in meta-analyses, based on different types of binning. Here we used the same abundance cover quantification within a 0–100 scale for all plots. Therefore, the
data and, thus, the distribution and model parameters
should be comparable. However, caution should be
applied when comparing the parameter values of this
study with those from other studies using different abundance measures.

Environmental correlates
With regard to our second question of whether SAD
shape changes across environmental gradients across the
Palaearctic, we found evidence supporting the hypothesis
that environmental conditions (climate and soil) influence the shape of SADs of grassland plant communities
at local scales, to some extent (Tables 1 and 2, Figure 4;
Appendix S1: Figures S3, S5, and S6). For example, we
found a strong signal that deeper soils were associated
with Group B and C SADs characterized by intermediate
Weibull parameters and symmetric distributions without
an excess of either rare or abundance species (Figure 4).
Group A communities were associated with richer soils
with higher OMC and low C/N ratios, as well as high
φ-values and an excess of rare species (Figure 4). Additionally, our results indicate that such soil conditions
might also favor weaker local competitors, leading to a
shallower dominance hierarchy and increased proportions of subdominants (Figure 4). This finding somewhat
contradicts Feng et al. (2021), who reported that
increased soil nutrient concentrations caused decreased
taxonomic diversity of forest tree species and increased
species dominance and rarity. Prior studies indeed
suggested that higher amounts of resources allow for a
wider range of species to enter local communities, making their assembly more colonization driven and leading
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to log-series SADs with an excess of rare species (see also
Magurran & Henderson 2003; Ulrich et al. 2010). Additionally, Ulrich et al. (2016) found that dryland plant
communities on poorer soils strongly filter for specialist
species, whereas those species for which such soils are
suboptimal are excluded; these processes then drive SADs
toward lognormal shapes. These contrasting findings caution against simple generalizations. It is possible that, in
grasslands, interaction-driven lognormal type SADs tend
to prevail within a wider range of environmental conditions, including more extreme habitats like arid environments, while log-series distributions are mainly restricted
to comparatively species-rich communities on humid and
fertile soils.

Spatial scaling
Finally, we asked whether local SAD parameters were
scale-invariant or changed predictably with increasing spatial scale. Such changes are predicted by sample theory
models (Green & Plotkin, 2007; Locey & White, 2013),
although the precise patterns of change are unknown
because, for the lognormal and the Weibull distributions,
no scaling equations exist.
The scaling of SADs is not necessarily a gradual linear
process (Rosindell & Cornell, 2013). Below the interaction neighborhoods of individual plants (sensu Addicott
et al., 1987), SADs are expected to be driven by competitive and facilitation effects (Callaway & Walker, 1997).
Filter effects drive SADs above and below these neighborhoods. With increasing spatial scale, stochastic processes
due to colonization/extinction dynamics take over
(Ferreira de Lima et al., 2020). This discontinuity of ecological processes strongly indicates the existence of scaling regions of SADs and, possibly, scale-specific SAD
shapes. Thus, we hypothesized that the detection of such
scaling regions should be an indicator of changes in the
dominance of ecological processes and, consequently, in
the hierarchy of dominance in abundance. The scaling of
SAD parameters should therefore provide information
about the (dynamic) boundaries of interaction-shaped
local plant communities.
We were surprised to see that the parameters analyzed here often did not change gradually with increasing
spatial scale (Figure 5; Appendix S1: Table S5), as
predicted by sample theory models (Green &
Plotkin, 2007; Hubbell, 2001; Locey & White, 2013).
Moreover, the signs of the segment slopes were not consistent within study sites and vegetation types (Figure 5;
Appendix S1: Table S5), indicating that SAD scaling is
very location-specific. The comparatively weak effects of
climatic and soil covariates on SAD parameters reported
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here point to local stochastic dynamics rather than SADs
in Palaearctic grasslands being shaped by niche and environmental drivers. Sampling models do not consider this
specificity and are only based on general assumptions
about the spatial distribution of species that determine
the accumulation of new species with increasing sample
space. In particular, they assume that newly sampled species at higher sample sizes should be comparatively rare.
However, our results are in line with a pattern where
stronger species aggregation, but also environmental heterogeneity, might cause the newly sampled species at
larger sample sizes to account for comparatively higher
proportions of total abundance. This would result in a
shift toward higher δ- and φ-values as sample size
increases. Future studies need to incorporate such data in
order to develop a precise SAD spatial scaling framework
that provides insight into the dependency of SAD scaling
on the pattern of plant species aggregation.
AUTHOR CONTRIBUTIONS
Werner Ulrich conceived the idea of this paper and wrote
the first draft. Most authors contributed data, while
Jürgen Dengler served as custodian and Idoia Biurrun as
database manager of the GrassPlot database. Idoia
Biurrun extracted the appropriate data from the
GrassPlot database. Werner Ulrich conducted the statistical analyses, and Thomas J. Matthews contributed figures
and conceptual and analytical input. Jürgen Dengler provided methodological and botanical input. All authors
checked, improved, and approved the manuscript.
ACKNOWLEDGMENTS
We thank all vegetation scientists who carefully collected
the plant diversity data and contributed them to
GrassPlot. The Eurasian Dry Grassland Group (EDGG)
and the International Association for Vegetation Science
(IAVS) supported the EDGG field workshops, which generated a core part of the GrassPlot data. The Bavarian
Research Alliance (via the BayIntAn scheme) and the
Bayreuth Center of Ecology and Environmental Research
(BayCEER) funded the initial GrassPlot workshop during
which the database was established (grants to Jürgen
Dengler). Werner Ulrich acknowledges support from the
Polish National Science Centre (Grant 2017/27/B/
NZ8/00316). Idoia Biurrun and Juan Antonio Campos
were partly supported by the Basque Government
(IT936-16). Goffredo Filibeck was partly supported by the
MIUR initiative “Department of Excellence” (Law
232/2016) granted to DAFNE. Péter Török was supported
by the NKFIH K 119225 and K 137573 projects and the
HAS Momentum Program during the manuscript preparation. Franz Essl appreciates funding by the Austrian
Science Foundation FWF (Grant I 3757-B29).

14 of 16

CONFLICT OF INTEREST
The authors declare no conflict of interest.
DATA AVAILABILITY STATEMENT
Data (Ulrich et al., 2021) are available in Figshare at
https://doi.org/10.6084/m9.figshare.16870641. Vegetationplot data were obtained from the GrassPlot database; our
data are a subset of the GrassPlot data suited for abundance
analyses, with these data completely contained in our Figshare data set.
ORCID
Werner Ulrich https://orcid.org/0000-0002-8715-6619
Thomas J. Matthews https://orcid.org/0000-0002-7624244X
Idoia Biurrun https://orcid.org/0000-0002-1454-0433
Juan Antonio Campos https://orcid.org/0000-00015992-2753
Patryk Czortek https://orcid.org/0000-0002-4909-8032
Iwona Dembicz https://orcid.org/0000-0002-6162-1519
Franz Essl https://orcid.org/0000-0001-8253-2112
Goffredo Filibeck https://orcid.org/0000-0002-4187-9467
Gian-Pietro Giusso del Galdo https://orcid.org/00000003-4719-3711
Behlül Güler https://orcid.org/0000-0003-2638-4340
Alireza Naqinezhad https://orcid.org/0000-0002-46026279
Péter Török https://orcid.org/0000-0002-4428-3327
Jürgen Dengler https://orcid.org/0000-0003-3221-660X

R EF E RE N C E S
Addicott, J., J. Aho, M. Antolin, D. Padilla, J. Richardson, and D.
Soluk. 1987. “Ecological Neighborhoods: Scaling Environmental Patterns.” Oikos 49: 340–6.
Alonso, D., A. Ostling, and R. S. Etienne. 2008. “The Implicit
Assumption of Symmetry and the Species Abundance Distribution.” Ecology Letters 11: 93–105.
Anderson, B., A. Chiarucci, and M. Williamson. 2012. “How Differences in Plant Abundance Measures Produce Different
Species-Abundance Distributions.” Methods in Ecology and
Evolution 3: 783–6.
Antão, L. H., A. E. Magurran, and M. Dornelas. 2021. “The Shape
of Species Abundance Distributions across Spatial Scales.”
Frontiers in Ecology and Evolution 9. https://doi.org/10.3389/
fevo.2021.626730.
Baldridge, E., D. J. Harris, X. Xiao, and E. P. White. 2016. “An
Extensive Comparison of Species-Abundance Distribution
Models.” PeerJ 4: e2823.
Biurrun, I., S. Burrascano, I. Dembicz, R. Guarino, J. Kapfer, R.
Pielech, I. Garcia-Mijangos, et al. 2019. “GrassPlot v. 2.00 –
First Update on the Database of Multi-Scale Plant Diversity in
Palaearctic Grasslands.” Palaearctic Grasslands 44: 26–47.
Biurrun, I., R. Pielech, I. Dembicz, F. Gillet, Ł. Kozub, C. Marcenò,
T. Reitalu, et al. 2021. “Benchmarking Plant Diversity of

ULRICH ET AL.

Palaearctic Grasslands and Other Open Habitats.” Journal of
Vegetation Science 32: e13050.

Borda-De-Agua,
L., P. A. V. Borges, S. P. Hubbell, and H. M.
Pereira. 2012. “Spatial Scaling of Species Abundance Distributions.” Ecography 35: 549–56.

Borda-de-Agua,
L., R. J. Whittaker, P. Cardoso, F. Rigal, A. M. C.
Santos, I. R. Amorim, A. Parmakelis, K. A. Triantis, H. M.
Pereira, and P. A. V. Borges. 2017. “Dispersal Ability Determines the Scaling Properties of Species Abundance Distributions: A Case Study Using Arthropods from the Azores.”
Scientific Reports 7: 3899.
Callaway, R. M., and L. R. Walker. 1997. “Competition and Facilitation: A Synthetic Approach to Interactions in Plant Communities.” Ecology 78: 1958–65.
Centuri
on, R., and J. L
opez Gappa. 2011. “Bryozoan Assemblages
on Hard Substrata: Species Abundance Distribution and Competition for Space.” Hydrobiologia 658: 329–41.
Chiarucci, A., J. B. Wilson, B. J. Anderson, and V. De Dominicis.
1999. “Cover Versus Biomass as an Estimate of Species Abundance: Does it Make a Difference to the Conclusions?” Journal
of Vegetation Science 10: 35–42.
Connolly, S. R., T. P. Hughes, D. R. Bellwood, and R. H. Karlson.
2005. “Community Structure of Corals and Reef Fishes at Multiple Scales.” Science 309: 1363–5.
D’Amen, M., H. K. Mod, N. J. Gotelli, and A. Guisan. 2017. “Disentangling Biotic Interactions, Environmental Filters, and Dispersal Limitation as Drivers of Species Co-Occurrence.”
Ecography 41: 1233–44.
Dantas de Miranda, M., L. Borda-de- Agua, H. M. Pereira, and T.
Merckx. 2019. “Species Traits Shape the Relationship between
Local and Regional Species Abundance Distributions.”
Ecosphere 10: e02750.
DeCarlo, L. T. 1997. “On the Meaning and Use of Kurtosis.”
Psychological Methods 2: 292–307.
Dengler, J., V. Wagner, I. Dembicz, I. García-Mijangos, A.
Naqinezhad, S. Boch, A. Chiarucci, et al. 2018. “GrassPlot – A
Database of Multi-Scale Plant Diversity in Palaearctic Grasslands.” Phytocoenologia 48: 331–47.
Dengler, J., I. Biurrun, S. Boch, I. Dembicz, and P. Török. 2020.
“Grasslands of the Palaearctic Biogeographic Realm: Introduction and Synthesis.” In Encyclopedia of the world’s Biomes, Vol
3, edited by M. I. Goldstein and D. A. DellaSala, 617–37.
Oxford: Elsevier.
Diaz, R. M., H. Ye, and S. K. M. Ernest. 2021. “Empirical Abundance Distributions Are more Uneven than Expected Given
their Statistical Baseline.” Ecology Letters 24: 2025–39.
Dornelas, M., and S. R. Connolly. 2008. “Multiple Modes in a Coral
Species Abundance Distribution.” Ecology Letters 11: 1008–16.
Enquist, B. J., X. Feng, B. Boyle, B. Maitner, E. A. Newman, P. M.
Jørgensen, P. R. Roehrdanz, et al. 2019. “The Commonness of
Rarity: Global and Future Distribution of Rarity across Land
Plants.” Science Advances 5: eaaz0414.
Eriksson, O., and A. Jakobsson. 1998. “Abundance, Distribution
and Life Histories of Grassland Plants: A Comparative Study
of 81 Species.” Journal of Ecology 86: 922–33.
Feng, G., J. Huang, Y. Xu, J. Li, and R. Zang. 2021. “Disentangling
Environmental Effects on the Tree Species Abundance Distribution and Richness in a Subtropical Forest.” Frontiers in
Plant Science 12: fpls.2021.622043.

ECOLOGY

Ferreira de Lima, R. A., P. A. Conde, C. Banks-Leite, R. C. Campos,
M. I. Medina Hernandez, R. R. Rodrigues, and P. I. Prado.
2020. “Disentangling the Effects of Sampling Scale and Size on
the Shape of Species Abundance Distributions.” PLoS One 15:
e0238854.
Fisher, R. A., A. S. Corbet, and C. B. Williams. 1943. “The Relation
between the Number of Species and the Number of Individuals in a Random Sample of an Animal Population.” Journal
of Animal Ecology 12: 42–58.
Gaston, K. J., and T. M. Blackburn. 2000. Macroecology. Oxford:
Blackwell Science.
Green, J. L., and J. B. Plotkin. 2007. “A Statistical Theory for Sampling Species Abundances.” Ecology Letters 10: 1037–45.
Gross, N., Y. Le Bagousse-Pinguet, P. Liancourt, M. Berdugo, N. J.
Gotelli, and F. T. Maestre. 2017. “Functional Trait Diversity
Maximizes Ecosystem Multifunctionality.” Nature Ecology &
Evolution 1: 0132.
Harte, J. 2011. Maximum Entropy and Ecology: A Theory of Abundance, Distribution, and Energetics. Oxford: Oxford University
Press.
Hubbell, S. P. 2001. The Unified Theory of Biodiversity and Biogeography. Princeton: Princeton University Press.
Karger, D. N., O. Conrad, J. Böhner, T. Kawohl, H. Kreft, R. W.
Soria-Auza, N. E. Zimmermann, P. Linder, and M. Kessler.
2016. “CHELSA Climatologies at High Resolution for the
earth’s Land Surface Areas (Version 1.1).” World Data Center
for Climate. https://doi.org/doi:10.1594/WDCC/CHELSA_
v1_1
Kunin, W. E., and K. J. Gaston. 1997. The Biology of Rarity. Heidelberg, New York: Springer.
Locey, K. J., and E. P. White. 2013. “How Species Richness and
Total Abundance Constrain the Distribution of Abundance.”
Ecology Letters 16: 1177–85.
Mac Nally, R., C. A. McAlpine, H. P. Possingham, and M. Maron.
2014. “The Control of Rank – Abundance Distributions by a
Competitive Despotic Species.” Oecologia 176: 849–57.
Magurran, A. E., and P. A. Henderson. 2003. “Explaining the Excess
of Rare Species in Natural Species Abundance Distributions.”
Nature 422: 714–6.
Makoto, K., and S. D. Wilson. 2018. “When and where Does Dispersal Limitation Matter in Primary Succession?” Journal of
Ecology 107: 559–65.
Matthews, T. J., and R. J. Whittaker. 2014. “Fitting and Comparing
Competing Models of the Species Abundance Distribution:
Assessment and Prospect.” Frontiers of Biogeography 6: 67–82.
Matthews, T. J., and R. J. Whittaker. 2015. “On the Species Abundance Distribution in Applied Ecology and Biodiversity Management.” Journal of Applied Ecology 52: 443–54.
Matthews, T. J., J. P. Sadler, Y. Kubota, C. W. Woodall, and
T. A. M. Pugh. 2019. “Systematic Variation in North American
Tree Species Abundance Distributions along Macroecological
Climatic Gradients.” Global Ecology and Biogeography 28:
601–11.
May, R. 1975. “Patterns of Species Abundance and Diversity.” In
Ecology and Evolution of Communities, edited by M. L. Cody
and J. M. Diamond, 81–120. Cambridge: Belknap Press.
McGill, B. J. 2003. “Does Mother Nature Really Prefer Rare Species
or Are Log-Left-Skewed SADs a Sampling Artefact?” Ecology
Letters 6: 766–73.

15 of 16

McGill, B. J., R. S. Etienne, J. S. Gray, D. Alonso, M. J. Anderson,
H. K. Benecha, M. Dornelas, et al. 2007. “Species Abundance
Distributions: Moving beyond Single Prediction Theories to
Integration within an Ecological Framework.” Ecology Letters
10: 995–1015.
Morlon, H., E. P. White, R. S. Etienne, J. L. Green, A. Ostling, D.
Alonso, B. J. Enquist, et al. 2009. “Taking Species Abundance
Distributions beyond Individuals.” Ecology Letters 12: 488–501.
Motomura, I. 1932. “A Statistical Treatment of Associations.”
Zoological Magazine Tokyo 44: 379–83.
Preston, F. W. 1948. “The Commonness, and Rarity, of Species.”
Ecology 29: 254–83.
Rosindell, J., and S. J. Cornell. 2013. “Universal Scaling of SpeciesAbundance Distributions across Multiple Scales.” Oikos 122:
1101–11.
Salvador-van Eysenrode, D., J. Bogaert, V. Zak-Mnacek, and R.
Ceulemans. 2003. “Sapling Diversity in Canopy Gaps in an
Ecuadorian Rain Forest.” Forest Science 49: 909–17.
Silva, I. A., M. V. Cianciaruso, and M. A. Batalha. 2010. “Abundance Distribution of Common and Rare Plant Species of
Brazilian Savannas along a Seasonality Gradient.” Acta Botanica Brasilica 24: 407–13.
Soliveres, S., F. T. Maestre, W. Ulrich, P. Manning, S. Boch, M.
Bowker, P. Prati, et al. 2015. “Intransitive Competition Is
Widespread in Plant Communities and Maintains Species
Richness.” Ecology Letters 18: 790–8.
Sugihara, G. 1980. “Minimal Community Structure: An Explanation of
Species Abundance Patterns.” American Naturalist 116: 770–87.
Sugihara, G., L.-F. Bersier, T. R. E. Southwood, S. L. Pimm, and
R. M. May. 2003. “Predicted Correspondence between Species
Abundances and Dendrograms of Niche Similarities.” Proceedings of the National Academy of Sciences USA 100: 5246–51.
Šizling, A. L., D. Storch, E. Šizlingova, J. Reif, and K. J. Gaston.
2009. “Species Abundance Distribution Results from a Spatial
Analogy of Central Limit Theorem.” Proceedings of the
National Academy of Sciences USA 106: 6691–5.
Tokeshi, M. 1999. Species Coexistence: Ecological and Evolutionary
Perspectives. Oxford: Blackwell.
Tomašových, A., and S. M. Kidwell. 2010. “Predicting the Effects of
Increasing Temporal Scale on Species Composition, Diversity,
and Rank-Abundance Distributions.” Paleobiology 36: 672–95.
Török, P., A. Helm, K. Kiehl, E. Buisson, and O. Valk
o. 2018.
“Beyond the Species Pool: Modification of Species Dispersal,
Establishment, and Assembly by Habitat Restoration.” Restoration Ecology 26: S65–72.
Ulrich, W., M. Ollik, and K. I. Ugland. 2010. “A Meta-Analysis of
Species–Abundance Distributions.” Oikos 119: 1149–55.
Ulrich, W., S. Soliveres, A. D. Thomas, A. J. Dougill, and F. T.
Maestre. 2016. “Environmental Correlates of Species Rank –
Abundance Distributions in Global Drylands.” Perspectives in
Plant Ecology, Evolution and Systematics 20: 56–64.
Ulrich, W., R. Nakadai, T. Matthews, and Y. Kubota. 2018. “The
Two-Parameter Weibull Distribution as a Universal Tool to
Model the Variation in Species Relative Abundances.” Ecological Complexity 36: 110–6.
Ulrich, W., T. Matthews, and Y. Kubota. 2020. “Constraints on the
Distribution of Species Abundances Indicate Universal Mechanisms of Community Assembly.” Ecological Research 35:
362–71.

16 of 16

Ulrich, W., T. J. Matthews, I. Biurrum, J. A. Campos, P. Czortek,
I. Dembicz, F. Essl, et al., 2021. “Grassland Plant Relative
Abundances.” Figshare. https://doi.org/10.6084/m9.figshare.
16870641.
Vellend, M. 2016. The Theory of Ecological Communities. Princeton:
Princeton University Press.
Wang, X., M. D. F. Ellwood, D. Ai, R. Zhang, and G. Wang.
2018. “Species Abundance Distributions as a Proxy for the
Niche–Neutrality Continuum.” Journal of Plant Ecology 11:
445–52.
Wilson, J. B. 1993. “Would we Recognise a Broken-Stick Community if we Found One?” Oikos 67: 181–3.
Whittaker, R. H. 1965. “Dominance and Diversity in Land Plant
Communities.” Science 147: 250–60.
Wu, A., X. Deng, H. He, X. Ren, Y. Jing, W. Xiang, S. Ouyang, W.
Yan, and X. Fang. 2019. “Responses of Species Abundance Distribution Patterns to Spatial Scaling in Subtropical Secondary
Forests.” Ecology and Evolution 9: 5338–47.

ULRICH ET AL.

Zhou, J., and D. Ning. 2017. “Stochastic Community Assembly:
Does it Matter in Microbial Ecology?” Microbiology and Molecular Biology Reviews 81: e00002–17.

SU PP O R TI N G I N F O RMA TI O N
Additional supporting information may be found in the
online version of the article at the publisher’s website.
How to cite this article: Ulrich, Werner, Thomas
J. Matthews, Idoia Biurrun, Juan Antonio Campos,
Patryk Czortek, Iwona Dembicz, Franz Essl, et al.
2022. “Environmental Drivers and Spatial Scaling
of Species Abundance Distributions in Palaearctic
Grassland Vegetation.” Ecology e3725. https://doi.
org/10.1002/ecy.3725

