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Abstract

The current policy and goals aimed to conserve biodiversity and manage biodi-
versity change are often formulated at the global scale. At smaller scales how-
ever, biodiversity change is more nuanced leading to a plethora of trends in
different metrics of alpha diversity and temporal turnover. Therefore, large-
scale policy targets do not translate easily into local to regional management
decisions for biodiversity. Using long-term monitoring data from the Wadden
Sea (Southern North Sea), joining structural equation models and general dis-
similarity models enabled a better overview of the drivers of biodiversity
change. Few commonalities emerged as birds, fish, macroinvertebrates, and
phytoplankton differed in their response to certain drivers of change. These dif-
ferences were additionally dependent upon the biodiversity aspect in question
and which environmental data were recorded in each monitoring program. No
single biodiversity metric or model sufficed to capture all ongoing change,
which requires an explicitly multivariate approaches to biodiversity assessment
in local ecosystem management.
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1 | INTRODUCTION

Biodiversity change is a planetary concern. The 2019
global assessment by the Intergovernmental Science-
Policy Platform on Biodiversity and Ecosystem Services
(IPBES), has raised awareness about the extent of the
biodiversity crisis. The focus of the report is on species
extinction, and this is also explicitly addressed by the
Aichi targets of the Convention of Biological Diversity
(Target 12, specifically; CBD, 2010). While the collective
actions of society (and politics) failed to meet any of the
20 targets of Aichi at the global scale (CBD, 2020) the
underlying assumption of a universal decline in biodi-
versity have been criticized as well (Blowes et al., 2019;
Dornelas et al., 2014, 2018). The dynamics of biodiver-
sity become much more nuanced at local to regional
scales (Chase et al., 2019); the scales at which most
management decisions are made (Moloney et al., 2017).
Different rates of immigration and extinction as well as
shifting dominance result in a multifaceted local biodi-
versity change. This complexity of local biodiversity
change cannot be channeled into simple univariate local
biodiversity targets, which contrasts the global focus on
rates of extinction. The fundamental challenges of local
biodiversity management additionally comprise identi-
fying relevant drivers of biodiversity change, as it is
often these drivers (nutrient load, fragmentation, exploi-
tation, and pollution) that actually can be targeted by
management measures rather than biodiversity itself.
While globally extinctions and threats can often be
linked to certain causes (IPBES 2019), the long scientific
history of illuminating biodiversity-environment rela-
tionships has taught us to expect different types of rela-
tionships. Single drivers such as eutrophication
(Hillebrand et al., 2007) or warming (Antdo et al., 2020;
Bastazini et al., 2021) triggered responses of different
magnitude and even nature when comparing ecosys-
tems and organism groups. These studies often focus on
single or few drivers, but multivariate approaches show
that diversity has different responses to different vari-
ables of environmental change (Grace et al., 2016).
Whereas drivers of human impacts correlate rather
strongly to each other in terrestrial systems, the same
does not apply to marine ecosystems (Bowler
et al., 2020). Thus, moving from global targets to local
management options requires acknowledging the com-
plexity of why biodiversity changes (multiple drivers
and their interactions) and of how biodiversity changes
(multiple facets of diversity and turnover). Conse-
quently, monitoring data should be analyzed in a way
that enables to document biodiversity change at the
appropriate scales of target development and manage-
ment in order to set conservation priorities accordingly.

Here, we use a well monitored ecosystem (Wadden
Sea UNESCO World heritage site) as a showcase for addi-
tional inference that can be derived from combining dif-
ferent aspects of biodiversity and different potential
drivers. Biodiversity change can either reflect the stand-
ing diversity (e.g., richness and evenness) of a locality
(alpha diversity) or a region (gamma diversity) or the
change in species composition between sites (spatial beta
diversity) or time points (temporal turnover). Temporal
trends in standing diversity can be disentangled from
trends in temporal turnover (Dornelas et al., 2014,
Hillebrand et al., 2018) and high compositional turnover
can occur without strong trends in standing diversity if
gains and losses balance each other over time (Brown
et al., 2001). In contrast to the focus on the persistence or
extinction of species at the global scale, local biodiversity
change is additionally characterized by changes in the
relative dominance of species (Hillebrand et al., 2008).
While immigration and extinction rates affect the pres-
ence or absence of a species in a given place at a given
time, environmental change also affects the relative
abundance of species. Such altered dominance may even
occur faster than actual extinctions or arrival of species
and serve as a sentinel of biodiversity change.

For our study, we follow suggestions by Hillebrand
et al. (2018) to analyze local to regional biodiversity
change using a 2 x 2 matrix, which combines measures
of both standing diversity and temporal turnover that are
or are not reflecting dominance change (Figure 1). For
standing diversity, species richness (S) is the default mea-
sure if only absence and presence of species shall be
reflected. Although simulations clearly show that S is eas-
ily affected by systematic errors induced by comparing
different sampling efforts, species pool sizes, and spatial
distribution of individuals (Chase & Knight, 2013). From
the plethora of dominance-weighted indices of standing
diversity, the effective number of species (ENS) turned
out to be relatively robust against sampling and statistical
issues (Chase & Knight, 2013). ENS is the number of
equally abundant species that would be needed to
achieve the same diversity as observed. If in a local
assemblage, all species are equally abundant, then ENS
equals S, in all other cases ENS < S.

For turnover, metrics capture the relative difference
in composition. Jaccard dissimilarity is a presence-
absence based metric ranging from 0 to 1 (0 = no differ-
ence in species composition and 1 = no overlap). As S for
alpha diversity, Jaccard gives equal weight to rare and
abundant species. For dominance weighted turnover,
again a plethora of indicies has been derived. We opted
for the less well-known Wishart dissimilarity
(Wishart, 1969) as it emphasizes dominant species to the
same degree as ENS does. Thus, we represent temporal
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FIGURE 1 Flow diagram of our general approach to biodiversity models of four Wadden Sea organism groups: Fish, birds,

macrozoobenthos, and phytoplankton

turnover by two species exchange ratios, one based on rich-
ness (SERr; i.e., presence-absence, SERr = Jaccard Dissimi-
larity) and one based on abundance (SERa = Wishart's
dissimilarity). However, it should be noted that this article
is not about advocating a certain metric but to elucidate
how much more we can learn about the facets of local bio-
diversity change when using the 2 x 2 matrix of presence-
absence and dominance driven indices of alpha diversity
and turnover.

In this context, we also focus on the identification of
potential drivers for biodiversity change in a multivariate
context, as the temporal trends per se have been reported
elsewhere. Rishworth et al. (2020) demonstrated how
using these different biodiversity measures captured
aspects of temporal biodiversity change for multiple
organism groups in two study sites, the German Wadden
Sea, and the South African Algoa Bay. Here, we analyze
the role that several environmental variables play in bio-
diversity change in the Wadden Sea by combining two
statistical modeling approaches: Structural equation
modeling (SEM) for analyzing alpha diversity, general-
ized dissimilarity modeling (GDM) for temporal turnover.
Our analysis relies on data from standard monitoring of
fish, birds, macrozoobenthos, and phytoplankton from
Germany and The Netherlands. Thereby, we aim at
answering the following questions:

1. Can biodiversity change be described by single
aspects of standing diversity or temporal turnover, or
does it only fully emerge from a multifaceted approach?

2. Do different environmental drivers affect different
biodiversity metrics similarly and consistently across
organism groups or are these relationships between
driver and response specific?

2 | METHODS

2.1 | Data

The Wadden Sea, as a region of the North Sea, stretches
along the coastlines of the Netherlands, Germany, and
Denmark and is the world's largest intertidal mudflat sys-
tem (Figure S1). We analyzed community composition
data by organism group from various monitoring pro-
grams of the Wadden Sea (Figure 1). We drew the data
from established local scale surveys of trawled fish,
migratory birds, benthic macroinvertebrates (hereafter
macrozoobenthos), and phytoplankton, each reporting
the presence and abundance of species (rarely higher tax-
onomic levels) in the Wadden Sea of Germany (specifi-
cally Lower Saxony) and the Netherlands (Table 1). Fish
were caught at several stations (Figure S1) with beam
trawls, mainly in March and July (Wetjen et al., 2014).
Migratory birds were counted fortnightly or monthly in
permanent counting area covering almost the entire
coastline (Figure S1; Kleefstra et al., 2022). Phytoplank-
ton sampling was done annually at least during the
vegetation period (March-September/October) at repre-
sentative monitoring sites (Figure S1) and at least once a
month (NLWKN, 2013). Macrozoobenthos was sampled
at fixed stations by extracting a sediment sample at least
every 6 months (Drent et al.,, 2017). To ensure consis-
tency per organism group across countries, we checked
the data for consistent naming and cleaned accordingly.
The datasets were in themselves consistent in sampling,
laboratory analysis, and taxonomic identification. To
focus on long-term annual changes in biodiversity pat-
terns over time, we calculated diversity measures first
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TABLE 1

Data used in final model construction for all four organism groups of the Wadden Sea; institutions: Lower Saxon Wadden Sea

National Park Authority (NLPVW), Royal Netherlands Institute for sea research (NIOZ) lower Saxon State Department for waterway, coastal

and nature conservation (NLWKN), directorate-general for public works, and water management (Rijkswaterstaat)

Organism Sample

group Sites Years Environmental variables size (n) Countries (institutions)

Fish 4 1994-2007 Temperature, pH, oxygen 56 Germany (NLPVW)

Birds 17 1980-2016 Temperature, precipitation, 144 Germany (NLPVW)
macrozoobenthos biomass

Macrozoobenthos 23 2005-2019 Temperature, grain size, salinity 229 Germany (NLPVW), Netherlands

(NIOZ)

Phytoplankton 14 2000-2018 Temperature, pH, salinity, total 163 Germany (NLWKN), Netherlands

phosphorus, total nitrogen, silicon (Rijkswaterstaat)

and then took their yearly averages of every site for each
of the datasets. We then matched the resulting biodiver-
sity data with yearly environmental data averages col-
lected at the same site and over the same time frame.
This generally resulted in an averaging out of extreme
events, such as heatwaves or extremely cold winters.
Sometimes, the environmental or species data presented
considerable gaps, which were worsened when matching
both sets together. The resulting sample size after elimi-
nating the gaps varied for each of the four organism data-
sets (Table 1). More analysis details are in the Supporting
Information).

2.2 | Statistics

The two levels of inference, standing diversity and turn-
over, required two different statistical approaches
(Figure 1). For standing diversity, the annual mean S and
ENS were related to the annual mean in environmental
variables as well as annual average biomass. For tempo-
ral turnover, the analysis needs to be performed in a dis-
similarity perspective, that is, the change in composition
related to the gradient in the environmental variables. It
should be noted that we focused on temporal turnover
between adjacent years, that is, altered as SERr and SERa
with the same delta-time of 1 year. For analyzes of cumu-
lative turnover and species composition see Rishworth
et al. (2020). In both parts, we used two measures for bio-
diversity and for species turnover, one based on pres-
ence/absence data and the other on relative species
abundance in samples (Figure 1). For standing diversity,
we used S calculated as the number of species in a sample
and the ENS calculated as the inverse Simpson index
(Hillebrand et al., 2018). We conducted all analyzes in
R version 4.0.3 (R-Core Team, 2021). We calculated
both S and ENS using the vegan-package (Oksanen
et al., 2020). The turnover indices SERr and SERa were

calculated with function turnover: https://github.com/
AlexRyabov/turnover. All scripts and corresponding data
are available on our GitHub-repository: https://github.
com/JanDajka/BiodivModelsWaddenSea.

221 | Standing biodiversity models

We analyzed the effects of environmental variables on
standing diversity separately for each of the organism
groups using piecewise SEMs implemented in the piece-
wise SEM-package (Lefcheck, 2016). A SEM weaves
multiple linear relationships together, allowing us to
find a set of interacting response variables and to display
the network of direct and indirect causal links between
them (Grace, 2006). The advantage of piecewise SEMs
over traditional SEMs is that we can add random effects,
nested structures, and non-normal distributions to the
models (Lefcheck & Dulffy, 2015). Classically known
“response variables” are here “endogenous variables”
and environmental predictors are often called “exoge-
nous variables.”

We fitted linear models with generalized least squares
(GLS) using the nlme-package (Pinheiro et al., 2017) to
our data and used latitude and longitude of the sites
nested in year as correlation structures to account for
spatial-temporal autocorrelation. We used the following
overall GLS-structure:

endogenous variable 1 ~ exogenous variable 1
+ exogenous variable 2
+ ..., correlation
= latitude + longitude | year

For each of the four organism groups’ SEMs, we created
GLS-models for S, ENS, and log-transformed biomass.
We scaled all explanatory variables to a mean of 0 and
standard deviation of 1 to allow for a comparisons of
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effect sizes (Schielzeth, 2010). Our model validation
showed a normal distribution of the residuals and no
clear patterns between residuals and fitted values for all
linear models, indicating that model fit could not be
improved further. The resulting linear models were then
woven together into our final piecewise SEM. Variables
that were strongly correlated (abs[r] > 0.5) were declared
as correlated in the SEM-structure. In order to estimate
the goodness of fit of the piecewise SEM with a Fisher's
C-test, we removed the least significant variable of each
linear model as is commonly done for SEMs (Maureaud
et al., 2019). The above-described process was the same
for all organism groups, just with different environmental
variables (Table 1) and without biomass for birds since
this dataset is based on counting resting birds rather than
collecting and weighing them.

222 | Temporal turnover models

We analyzed the dependence of the annual species turn-
over on the gradient in environmental variables using
GDM with the gdm-package (Manion et al., 2017). We
decided against also applying SEM to turnover due to the
nature of turnover data being dissimilarities between
years. The resulting graphs would have shown the contri-
bution of differences in environmental variables to turn-
over and made interpreting results difficult. Instead,
GDM relates changes in temporal turnover to gradients
in environmental variables using monotonic I-spline
functions (Rillo et al., 2022). In the resulting plots, the
maximum height of each curve displays how much over-
all turnover is explained by each environmental variable.
A leveling-off of the curve shows where along the envi-
ronmental gradient most (or least) of change in turnover
occurs. GDM is typically used to explain the effect of
environmental variables on spatial differences of species
diversity (B-diversity; Ferrier et al. 2007; Latombe
et al., 2017). We applied GDM to temporal differences of
species diversity by using a matrix showing year to year
turnover in species identities (SERr) and species composi-
tion (SERa) for every site for which we had mean annual
measurements of environmental variables. All environ-
mental variables were scaled variables to a mean of 0 and
standard deviation of 1 to allow direct comparison
between sites.

3 | RESULTS

For each organism group, SEM and GDM analyzes allow
us to identify a characteristic set of environmental drivers
of diversity. However, the strength and nature of each

Ajournal of the Society for Conservation Biclogy

environmental factor's influence strongly depend on the
organism group and the biodiversity metric in question.
Each of the highlighted relationships can be analyzed in
depth individually, which is useful for management if the
impact of a certain environmental variable on biodiver-
sity needs to be checked. Because this would make our
results section incredibly dense, we focus only on the
main differences highlighted by modeling the 2 x 2
matrix.

In fish, the key effects of environmental variables
highlighted were quite comparable between metrics
(Figure 2). Increasing temperature had a positive effect
on both measures of standing diversity, ENS and S, but
no direct effect on biomass. S and ENS were negatively
correlated. Instead, biomass was positively associated to
increasing S and negative to increasing ENS. The temper-
ature gradient also was the strongest predictor of dissimi-
larity, whereas pH and oxygen had weak impacts in both
SEM and GDM.

For birds, the SEM did not detect any effects of envi-
ronmental variables on S or ENS, which however were
positively correlated (Figure 3). In contrast, the GDM
revealed that temporal dissimilarity in bird composition
increased with larger gradients in temperature, precipita-
tion, and macrozoobenthos biomass that served as a
proxy of food availability.

Macrozoobenthos showed the same positive relation-
ship between S and biomass as fish and a weak positive
correlation between S and ENS. The SEM and GDM
showed differential impact patterns of environmental
variables on the biodiversity metrics (Figure 4). The SEM
showed higher explained variance in S than in ENS. Posi-
tive responses of S to grain size and salinity but negative
to temperature were only partially matched in ENS,
which increased with both salinity and temperature, but
was unaffected by grain size. By contrast, the GDM
revealed stronger response in the dominance weighted
SERa than in SERr. However, in both cases grain size
showed the strongest impact, salinity the least.

For phytoplankton, the SEM explained slightly
more variance in S than ENS whereas the GDM showed
clearer patterns for SERa than SERr (Figure 5). More-
over, standing diversity strongly responded to silicon
and temperature, whereas nutrients and pH played a
stronger role in the GDM. S decreased with silicon
while ENS increased with silicon while both S and
ENS increased with temperature. Increasing nitrogen
had a very strong effect on ENS and none on
S. Phytoplankton biomass increased with phosphorus
and pH. Increasing silicon, temperature, and salinity
negatively affected biomass. Moreover, increasing S
positively affected biomass while ENS had a strong neg-
ative effect on biomass.
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change in turnover occurs

4 | DISCUSSION

different environmental variables. This also has impor-
tant ramifications for the ways in which the targeting

Biodiversity change is nuanced, especially at local scales
(Chase et al., 2019). Our study confirms that this also
applies to the environmental variables driving the
changes in biodiversity. First, our study emphasizes the
importance of using multivariate assessments of biodiver-
sity. Simple univariate assessments would miss a large
part of both biodiversity change itself and the impact of

efforts of management function. Effective management
relies on effective targets—from which to measure
change and meet goals. These in turn need to be estab-
lished from data that enable understanding of biodiver-
sity change and be reflective of their drivers as well. As
our findings show, multivariate assessments at local
scales give a lot more insight into the complex nature of
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biodiversity change (Rishworth et al., 2020). Additionally,
our study shows how multivariate measures of biodiver-
sity change (Hillebrand et al., 2018) can be linked to envi-
ronmental variables using SEM and GDM. The primary
strength of both modeling approaches is that the impacts
of all modeled variables are directly comparable and con-
servation priorities as well as suitable conservation mea-
sures can be formulated along the links highlighted in
our study. Through these links, we move closer to

enabling management of biodiversity change at local
scales, where tailored approaches will be more effective.
At these smaller scales, targets may be more realistic and
meaningful to set and reach.

Our assessment approach requires recording species
identities, their abundance, their biomass, and respective
environmental variables. We want to urge management
to improve their efforts in environmental monitoring
to not underestimate the extent of biodiversity change.
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A clear limitation in our study, for instance in the SEM
for birds, arose from the lack of available data, especially
those of environmental variables. Currently, the level of
detail and sampling consistency of most Wadden Sea spe-
cies data (especially from Lower Saxony) far outmatch
those of corresponding environmental variables. Our

assessment here provides a method on how to model the
question of biodiversity change and its drivers but does
not provide a final answer to it. To continually observe
change, monitoring concepts need to consistently match
more extensive environmental data to species data and,
ideally, collect them together.
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Better protection and management concepts can
indeed be achieved through improved biodiversity moni-
toring, data analyzes and modeling approaches.
Approaches like ours can be part of the blueprint for
these concepts. With increasing sample size from longer
time series and from fitting species data with more exten-
sive environmental data, modeling approaches such as
SEM and GDM become more accurate, can detect more
links, and thus provide a better picture of the modeled
system. The phytoplankton dataset in our analysis was
paired with more extensive environmental data and we
were thus able to create a more detailed model compared
to the other organism groups. In contrast, macrozoo-
benthos species data were measured with higher tempo-
ral and spatial resolution but was only complemented
with three environmental variables that were congruent
between Germany and the Netherlands. This was the also
the case for the bird data, except that a congruent
species-environmental-data combination was only avail-
able for Germany. The fish data presented themselves
with the lowest sample size from Germany only, which is
likely the reason for the few significant relationships in
the models. The Wadden Sea stretches across three coun-
tries and more extensive datasets are especially hard to
come across due to its transnational geography and trilat-
eral governance. Cross-national agreements on environ-
mentally matched, continuously collected time series
data will enhance the complexity and accuracy of models
in the future, and in turn effective management regimes.

The implications of biodiversity change are being
increasingly well understood, but, due to their complex-
ity, cannot be easily addressed. Recently proposed efforts
to pursue univariate, global, targets for biodiversity com-
parable to the 2.0°C-climate target (Rounsevell
et al., 2020) would lead to ineffective governance of this
complex problem. It is evident from our study and the
wider literature (Hillebrand et al.,, 2018; Rishworth
et al., 2020) that multivariate biodiversity assessments at
local scales—the scales that are vital for management
decisions—should be pursued instead. Focusing on only

singular biodiversity metrics in one-dimensional targets
will miss major developments of biodiversity change,
multi-dimensional targets must be used instead. These
multidimensional targets can be based on multivariate
assessments such as ours. The four biodiversity metrics S,
ENS, SERa, and SERr are based on species identity and
abundance—data that are often already being collected
in many monitoring programs. We added biomass to our
assessments, but this is not a necessity. For practitioners,
this means that multivariate assessments are then only
an additional calculating effort. Instead of picking out a
single biodiversity metric to focus on, biodiversity moni-
toring needs to consider at least these four and ideally
monitor environmental variables alongside it. Next steps
could include connecting model results such as ours to
nature's contributions to people (Kadykalo et al., 2019) to
reveal the direct effect of biodiversity change on human
communities. This provides a chain of links that policy
makers can follow to effectively align their local scale
management priorities along meaningful multivariate
assessments of biodiversity.

AUTHOR CONTRIBUTIONS

Jan-Claas Dajka conceived core ideas and design of the
study, harmonized the data, analyzed the data, and wrote
the first draft of the manuscript. Josie Antonucci di
Carvalho harmonized the data interpreted the results.
Gregor Scheiffarth made the data available. Lena Rénn
made the data available. Rob Dekker made the data avail-
able. Bo Leberecht interpreted the results. Helmut Hilleb-
rand conceived core ideas and design of the study and
interpreted the results. Alexey Ryabov analyzed the data
and interpreted the results. All authors contributed criti-
cally to subsequent drafts and gave final approval for
publication.

ACKNOWLEDGMENTS

We are grateful for the data provision by Nationalparkver-
waltung Niedersdchsisches Wattenmeer (NLPVW) and
Niedersidchsischer Landesbetrieb fiir Wasserwirtschaft,

FIGURE 5

Effects of environmental factors on diversity metrics for phytoplankton of the Wadden Sea; estimates for standing diversity

and biomass are modeled by SEM (a): Endogenous variables with arrows going into them; exogenous variables with arrows coming out of
them; dashed arrows: insignificant relationship (p > .1), solid arrows: significant relationship; thicker arrows: higher significance; red:
negative relationship; black: positive relationship; gray: indiscriminate relationship (coefficient value below 0.1 or — 0.1); numbers:

coefficient strength (from —1 to 1, strengths of individual arrows can be compared with each other); dotted connectors without arrows:
correlations (with correlation coefficient numbers) between variables; environmental effects on temporal turnover estimated with GDM

(b) richness-based SERr (top) and abundance-based SERa (bottom): Each line is a significant site, sites where certain links to variables were
insignificant, had a coefficient of <0.1 or the deviance explained by the model was <15%, were not plotted; environmental variables are
scaled to a mean of 0 and standard deviation of 1 to make their impacts directly comparable, the height of the lines signifies a higher impact
on temporal turnover of the respective organism community, leveling-off of the curve shows where along the environmental gradient most
(or least) of change in turnover occurs



DAJKA ET AL.

Conservation Science and Practice& —Wl L EY 11 of 12

Kiisten- und Naturschutz (NLWKN) as well as by
Rijkswaterstaaat and Koninklijk Nederlands Instituut voor
Zeeonderzoek (NIOZ). JCD, KP, and HH acknowledge
funding by the German Ministry for Education and
Research (BMBF) for the project MARISCO (03F0836A),
which is part of the Ocean Sustainability CRA 2018 by
Belmont Forum. LR and JAdC acknowledge funding
by the INTERREG V A program Deutschland-Nederland
of the European Union (201265). HH, KP, and JAdC
acknowledge funding by HIFMB, a collaboration
between the Alfred-Wegener-Institute, Helmholtz-Center
for Polar and Marine Research, and the Carl-von-
Ossietzky University Oldenburg, initially funded by the
Ministry for Science and Culture of Lower Saxony and the
Volkswagen Foundation (ZN3285). BL acknowledges
funding by the German Research Foundation (SFB 1372).
Open Access funding enabled and organized by Pro-
jekt DEAL.

CONFLICT OF INTEREST
There is no conflict of interest to declare.

DATA AVAILABILITY STATEMENT

All scripts and corresponding data are available on our
GitHub-repository: https://github.com/JanDajka/
BiodivModelsWaddenSea

ORCID

Jan-Claas Dajka ‘® https://orcid.org/0000-0002-0797-9229

REFERENCES

Antdo, L. H., Bates, A. E., Blowes, S. A., Waldock, C., Supp, S. R.,
Magurran, A. E., Dornelas, M., & Schipper, A. M. (2020). Tem-
perature-related biodiversity change across temperate marine
and terrestrial systems. Nature Ecology & Evolution, 4, 927-933.

Bastazini, V. A. G., Galiana, N., Hillebrand, H., Estiarte, M.,
Ogaya, R., Pefiuelas, J., Sommer, U., & Montoya, J. M. (2021).
The impact of climate warming on species diversity across
scales: Lessons from experimental meta-ecosystems. Global
Ecology and Biogeography, 30, 1545-1554.

Blowes, S. A., Supp, S. R., Antdo, L. H., Bates, A., Bruelheide, H.,
Chase, J.,, Moyes, F., Magurran, A., McGill, B., Myers-
Smith, I. H.,, Winter, M., Bjorkman, A. D., Bowler, D. E,
Byrnes, J. E. K., Gonzalez, A., Hines, J., Isbell, F., Jones, H. P.,
Navarro, L. M., ... Dornelas, M. (2019). The geography of biodi-
versity change in marine and terrestrial assemblages. Science,
366, 339-345.

Bowler, D. E., Bjorkman, A. D., Dornelas, M., Myers-Smith, I. H.,
Navarro, L. M., Niamir, A., Supp, S. R., Waldock, C.,
Winter, M., Vellend, M., Blowes, S. A., Bohning-Gaese, K.,
Bruelheide, H., Elahi, R., Antdo, L. H., Hines, J., Isbell, F.,
Jones, H. P., Magurran, A. E., ... Bates, A. E. (2020). Mapping
human pressures on biodiversity across the planet uncovers
anthropogenic threat complexes. People and Nature, 2,
380-394.

Ajournal of the Society for Conservation Biology

Brown, J. H., Ernest, S. K. M., Parody, J. M., & Haskell, J. P. (2001).
Regulation of diversity: Maintenance of species richness in
changing environments. Oecologia, 126, 321-332.

CBD. (2010). Aichi biodiversity targets [WWW document]. CBD.

CBD. (2020). Global biodiversity outlook 5 - Summary for policy
makers. Secretariat of the Convention on Biological Diversity.

Chase, J. M., & Knight, T. M. (2013). Scale-dependent effect sizes of
ecological drivers on biodiversity: Why standardised sampling
is not enough. Ecology Letters, 16, 17-26.

Chase, J. M., McGill, B. J., Thompson, P. L., Antdo, L. H.,
Bates, A. E., Blowes, S. A., Dornelas, M., Gonzalez, A,
Magurran, A. E., Supp, S. R., Winter, M., Bjorkman, A. D,
Bruelheide, H., Byrnes, J. E. K., Sarmento Cabral, J., Elahi, R.,
Gomez, C., Guzman, H. M., Isbell, F., ... O'Connor, M. (2019).
Species richness change across spatial scales. OIKOS, 128,
1079-1091.

Dornelas, M., Antdo, L. H., Moyes, F., Bates, A. E,
Magurran, A. E., Adam, D., Akhmetzhanova, A. A,
Appeltans, W., Arcos, J. M., Arnold, H., Ayyappan, N.,
Badihi, G., Baird, A. H., Barbosa, M., Barreto, T. E., Béssler, C.,
Bellgrove, A., Belmaker, J., Benedetti-Cecchi, L., ... Hickler, T.
(2018). BioTIME: A database of biodiversity time series for the
Anthropocene. Global Ecology and Biogeography, 27, 760-786.

Dornelas, M., Gotelli, N. J., McGill, B., Shimadzu, H., Moyes, F.,
Sievers, C., & Magurran, A. E. (2014). Assemblage time series
reveal biodiversity change but not systematic loss. Science, 344,
296-299.

Drent, J., Bijkerk, R., Herlyn, M., Grotjahn, M., Vof, I,
Carausu, M.-C., & Thieltges, D. W. (2017). Macrozoobenthos.
In S. Kloepper, et al. (Eds.), Wadden Sea quality status report
2017. Common Wadden Sea Secretariat.

Ferrier, S., Glenn, M., Jane, E., & Karen, R. (2007). Using general-
ized dissimilarity modelling to analyse and predict patterns of
beta diversity in regional biodiversity assessment. Diversity &
Distributions, 13, 252-264.

Grace, J. B. (2006). Structural equation modeling and natural sys-
tems. Cambridge University Press.

Grace, J. B.,, Anderson, T. M., Seabloom, E. W., Borer, E. T.,
Adler, P. B., Harpole, W. S., Hautier, Y., Hillebrand, H.,
Lind, E. M., Pirtel, M., Bakker, J. D., Buckley, Y. M,
Crawley, M. J., Damschen, E. I., Davies, K. F., Fay, P. A,
Firn, J., Gruner, D. S., Hector, A., ... Smith, M. D. (2016). Inte-
grative modelling reveals mechanisms linking productivity and
plant species richness. Nature, 529, 390-393.

Hillebrand, H., Bennett, D. M., & Cadotte, M. W. (2008). Conse-
quences of dominance: A review of evenness effects on local
and regional ecosystem processes. Ecology, 89, 1510-1520.

Hillebrand, H., Blasius, B., Borer, E. T., Chase, J. M,
Downing, J. A., Eriksson, B. K., Filstrup, C. T., Harpole, W. S.,
Hodapp, D., Larsen, S., Lewandowska, A. M., Seabloom, E. W.,
van de Waal, D. B., & Ryabov, A. B. (2018). Biodiversity change
is uncoupled from species richness trends: Consequences for
conservation and monitoring. Journal of Applied Ecology, 55,
169-184.

Hillebrand, H., Gruner, D. S., Borer, E. T., Bracken, M. E. S,
Cleland, E. E., Elser, J. J.,, Harpole, W. S., Ngai, J. T,
Seabloom, E. W., Shurin, J. B., & Smith, J. E. (2007). Consumer
versus resource control of producer diversity depends on
ecosystem type and producer community structure. Proceedings


https://github.com/JanDajka/BiodivModelsWaddenSea
https://github.com/JanDajka/BiodivModelsWaddenSea
https://orcid.org/0000-0002-0797-9229
https://orcid.org/0000-0002-0797-9229

12 of 12 Wl LEY— Conservation Science and Practice -

DAJKA ET AL.

Ajournal of the Society for Conservation Biology

of the National Academy of Sciences of the United States of
America, 104, 10904-10909.

Kadykalo, A. N., Lopez-Rodriguez, M. D., Ainscough, J., Droste, N.,
Ryu, H., Avila-Flores, G., le Clec'h, S., Mufioz, M. C., Nilsson, L.,
Rana, S., Sarkar, P., Sevecke, K. J., & Harmackova, Z. V. (2019).
Disentangling ecosystem services and nature's contributions to
people. Ecosystems and People, 15, 269-287.

Kleefstra, R., Bregnballe, T., Frikke, J., Glinther, K., Hilterlein, B.,
Hansen, M. B., Hornman, M., Ludwig, J., Meyer, J., &
Scheiffarth, G. (2022). Waddensea Ecosystem, 41. (p. 61). Com-
mon Wadden Sea Secretariat, Expert Group Migratory Birds.

Latombe, G., Hui, C., & McGeoch, M. A. (2017). Multi-site gener-
alised dissimilarity modelling: Using zeta diversity to differen-
tiate drivers of turnover in rare and widespread species.
Methods in Ecology and Evolution/British Ecological Society,
8(4), 431-442.

Lefcheck, J. S. (2016). PiecewiseSEM: Piecewise structural equation
modelling in r for ecology, evolution, and systematics. Methods
in Ecology and Evolution / British Ecological Society, 7(5),
573-579.

Lefcheck, J. S., & Emmett Duffy, J. (2015). Multitrophic functional
diversity predicts ecosystem functioning in experimental assem-
blages of estuarine consumers. Ecology, 96(11), 2973-2983.

Manion, G., Lisk, M., Ferrier, S., Nieto-Lugilde, D., &
Fitzpatrick, M. C. 2017. Maintainer Matthew C. Fitzpatrick,
Linkingto Rcpp, and imports Rcpp. Package Gdm. A Toolkit
with Functions to Fit, Plot, and Summarize Generalized Dis-
similarity Models: CRAN Repository.

Maureaud, A., Hodapp, D., van Denderen, P. D., Hillebrand, H.,
Gislason, H., Dencker, T. S., Beukhof, E., & Lindegren, M.
(2019). Biodiversity-ecosystem functioning relationships in
fish communities: Biomass is related to evenness and the
environment, not to species richness. Proceedings. Biological
Sciences/The Royal Society, 286(1906), 20191189.

Moloney, S., Fiinfgeld, H., & Granberg, M. (2017). Local action on
climate change: Opportunities and constraints. Routledge.

NLWKN. (2013). Gewisseriiberwachungssystem Niedersachsen,
Giitemessnetz Ubergangs- und Kiistengewisser 2013. Kiistenge-
wiisser und Astuare, 6, 50.

Oksanen, J., Blanchet, F.G., Friendly, M., Kindt, R., Legendre, P.,
McGlinn, D., Minchin, P. R., O'Hara, R. B., Solymos, P.,
Stevens, M. H. H., Szoecs, E., Wagner, H., Barbour, M.,
Bedward, M., Bolker, B., Borcard, D., Carvalho, G., Chirico, M.,
De Caceres, M., ... Weedon, J. (2020). vegan: Community Ecol-
ogy Package. R package version 2.5-6.

Pinheiro, J., Bates, D., DebRoy, S., Sarkar, D., Heisterkamp, S., Van
Willigen, B., & Maintainer, R.. (2017). Package Nlme. Linear
and Nonlinear Mixed Effects Models, Version 3 (1).

R-Core Team. (2021). R: A language and environment for statistical com-
puting (R Version 4.0.). R Foundation for Statistical Computing.
Rillo, M. C., Woolley, S., & Hillebrand, H. (2022). Drivers of global
pre-industrial patterns of species turnover in planktonic forami-

nifera. Ecography, 2022, €05892.

Rishworth, G. M., Adams, J. B, Bird, M. S, Carrasco, N. K,
Dénhardt, A., Dannheim, J., Lemley, D. A, Pistorius, P. A,
Scheiffarth, G., & Hillebrand, H. (2020). Cross-continental analysis
of coastal biodiversity change. Philosophical Transactions of the
Royal Society of London. Series B, Biological Sciences, 375, 20190452.

Rounsevell, M. D. A., Harfoot, M., Harrison, P. A., Newbold, T.,
Gregory, R. D., & Mace, G. M. (2020). A biodiversity target
based on species extinctions. Science, 368, 1193-1195.

Schielzeth, H. (2010). Simple means to improve the interpretability
of regression coefficients. Methods in Ecology and
Evolution/British Ecological Society, 1(2), 103-113.

Wetjen, M., Meyer, S., & Knust, R. (2014). Analyse der rdumlich-
zeitlichen variabilitit der demersalen Fischfauna im niedersdch-
sischen Kiistenmeer 1993-2007. Nationalparkverwaltung Nie-
dersidchsisches Wattenmeer & Niedersédchsischer Landesbetrieb
fiir Wasserwirtschaft, Kiisten- und Naturschutz.

Wishart, D. (1969). Mode analysis, a generalization of nearest
neighbour which reduces chaining. Numerical Taxonomy, 1969,
282-311.

SUPPORTING INFORMATION

Additional supporting information can be found online
in the Supporting Information section at the end of this
article.

How to cite this article: Dajka, J.-C.,

di Carvalho, J. A., Ryabov, A., Scheiffarth, G.,
Ronn, L., Dekker, R., Peters, K., Leberecht, B., &
Hillebrand, H. (2022). Modeling drivers of
biodiversity change emphasizes the need for
multivariate assessments and rescaled targeting for
management. Conservation Science and Practice,
€12794. https://doi.org/10.1111/csp2.12794



https://doi.org/10.1111/csp2.12794

	Modeling drivers of biodiversity change emphasizes the need for multivariate assessments and rescaled targeting for management
	1  INTRODUCTION
	2  METHODS
	2.1  Data
	2.2  Statistics
	2.2.1  Standing biodiversity models
	2.2.2  Temporal turnover models


	3  RESULTS
	4  DISCUSSION
	AUTHOR CONTRIBUTIONS
	ACKNOWLEDGMENTS
	CONFLICT OF INTEREST
	DATA AVAILABILITY STATEMENT

	REFERENCES


