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Abstract

Grasslands contribute to global biogeochemical cycles and can host a high number of plant
species. Both—species dynamics and biogeochemical fluxes—are influenced by abiotic and
biotic environmental factors, management and natural disturbances. In order to understand
and project grassland dynamics under global change, vegetation models which explicitly
capture all relevant processes and drivers are required. However, the parameterization of
such models is often challenging. Here, we report on testing an individual- and process-
based model for simulating the dynamics and structure of a grassland experiment in temper-
ate Europe. We parameterized the model for three species and confront simulated grass-
land dynamics with empirical observations of their monocultures and one two-species
mixture. The model reproduces general trends of vegetation patterns (vegetation cover and
height, aboveground biomass and leaf area index) for the monocultures and two-species
community. For example, the model simulates well an average annual grassland cover of
70% in the species mixture (observed cover of 77%), but also shows mismatches with spe-
cific observation values (e.g. for aboveground biomass). By a sensitivity analysis of the
applied inverse model parameterization method, we demonstrate that multiple vegetation
attributes are important for a successful parameterization while leaf area index revealed to
be of highest relevance. Results of our study pinpoint to the need of improved grassland
measurements (esp. of temporally higher resolution) in close combination with advanced
modelling approaches.

Introduction

Europe is covered with grasslands by nearly 21%, which is comparable with the extent of for-
ests and crop cultivation [1]. Grasslands in the temperate zone-being an early state of succes-
sion towards forest ecosystems—are characterized predominantly by the way how they are
maintained (e.g. by grazing or mowing) as well as by local environmental conditions. Different
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types of grasslands can emerge, ranging between extensive grasslands (e.g. for nature conserva-
tion) and intensively used meadows or pastures (e.g. for agricultural production on fertile
soils) [2, 3].

In large biodiversity experiments and exploratories across various environmental gradients
[4-8], a third dimension of important drivers for grassland dynamics and functioning has
been analyzed-the diversity of plant species. The relations between species diversity and eco-
system functioning can have a large impact on biogeochemistry (e.g. positive effects of high
richness on productivity and soil carbon storage), but also leave uncertainties for explaining
variations in biodiversity effects, at the local as well as across spatial scales [5, 9, 10].

In this respect, process-based vegetation models of grasslands can complement field obser-
vations by providing additional insights into ecosystem processes and mechanisms which can
be difficult to measure in the field or to infer from monitoring campaigns. For such purposes,
existing grassland models differ and range from simple mathematical models (e.g. [11-13]) to
more complex ones like rule-based models (e.g. [14]) or process-based individual-centred or
individual-based models (IBMs, e.g. [15-21]). IBMs, in particular, explicitly represent the rele-
vant processes for the interplay between species diversity, the environment and anthropogenic
influences [22].

Here, we report on such an individual- and process-based model (GRASSMIND) which
simulates the dynamics and structure of temperate grasslands including species diversity, local
abiotic factors and mowing [15]. Plant growth is modeled based on the balance between car-
bon uptake and release, which is influenced by (a) interactions within and between species,
and the plant’s response to (b) climate and soil conditions and (c) events of mowing. Notably,
intra- and interspecific species interactions emerge from the interplay of species traits and
individual plant size.

Model complexity often goes along with challenges. A detailed description of processes
requires a larger number of parameters—from the individual plant level (e.g. species traits) to
the ecosystem level (e.g. litter decomposition rates). Still, individual-based measurements of
plants in species-rich grasslands are scarce which can challenge the parameterization of such a
model type. Here, we show that (a) the individual-based model GRASSMIND reproduces gen-
eral trends of a multiple of empirically observed patterns (time-series of aboveground biomass,
leaf area index, vegetation height and cover) of three selected parameterized grassland species
based on a local grassland experiment in Germany and (b) the model allows to compare simu-
lations of monocultures and a two-species mixture with observed dynamics. We specifically
ask: Can we parameterize an individual-based grassland model for different species? How
much information on grasslands is important to ensure a robust parameterization?

Materials and methods
The grassland model GRASSMIND

The grassland model GRASSMIND is designed to simulate temperate grasslands and com-
bines biogeochemical cycles with biodiversity, as well as plant-soil feedbacks, management
and climatic effects [15]. The model follows the long tradition of forest gap models [23-27].
Individual plants interact and compete for resources on a rectangular patch (1 m x 1 m) with-
out assignment of explicit spatial locations to each plant. Note that the gap approach for
describing plant interactions (based on plant size differences) differs from spatially explicit
approaches (e.g. of field-of-neighborhood type [28-30]) or more simplified approaches (e.g.
mean-field approach [31, 32] or models that describe a species population by a representative
plant [17,19,20,33,34]).
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The model simulates the daily dynamics of each single plant within the community based
on the following processes: (a) recruitment and emergence of plant seedlings, (b) plant senes-
cence and mortality, (c) growth of plants (based on a carbon balance of photosynthesis and
respiration), which can be (d) limited by environmental conditions or reduced due to interac-
tions between plants. Intra- and interspecific competition for resources encompass above-
ground ‘light” and ‘space’ resources as well as belowground ‘soil water’ and ‘nitrogen’
resources. Limitations of growth can be caused, for example, by low light intensities (e.g. in
winter or due to shading by other plants), unfavorable air temperatures, crowded space (‘thin-
ning’), reduced soil water or soil nitrogen (e.g. in times of drought or due to strong competi-
tion with other plants).

Stochasticity is included in the model only in the mortality of plants. Plants can die due to
an intrinsic mortality rate or in case when space is limited. While the intrinsic mortality acts at
each day, mortality due to crowding is only triggered when growing plants and invading seed-
lings would cover more than the respective simulation area. Stochasticity is affecting which
plant (of which size) is dying in each time step and thus, can have an impact on the simulated
dynamics and structure of the grassland.

Simulated individual plants can differ in size (which is changing during the simulation) and
species identity (which is defined by species traits fixed at the beginning of a plant’s life cycle).
Some species traits affect size growth of single plants directly (e.g. leaf photosynthesis rate)
while other traits rather affect plant interactions and community dynamics (e.g. seedling ger-
mination). By this, the model allows simulating monocultures as well as multi-species mixtures
(large numbers of species can be simulated, but strongly increase runtime efforts). Concepts to
simulate grasses, forbs and legumes typically occurring in temperate grasslands (e.g. in
Europe) are included in the model. Soil water, carbon and nitrogen dynamics are modeled in
this study using the Century soil model [35]. The GRASSMIND model allows to simulate large
areas (e.g. hundreds of m®) and long-term grassland dynamics (e.g. decades). A detailed model
description of GRASSMIND is provided in S1 Appendix.

Study site and empirical data

For the parameterization of the grassland model, we used empirical data on a local biodiversity
grassland experiment carried out in Central Germany (Jena Experiment, Germany, 50°55°N,
11°35'E, [7, 36], seeding year 2002). In this study, we firstly tested the GRASSMIND model
and focused on two grass species (Festuca pratensis, Poa pratensis) and one forb (Plantago lan-
ceolata) for which measurements on monoculture plots (20 m x 20 m) of each species and one
two-species-mixture plot (of P. pratensis and P. lanceolata) are available. All plots were mown
twice a year to a height of 10 cm (which is included in the simulation model). In the first year,
plots were mown twice, eight weeks after sowing (in July) and in September [37] (11 July and
20 September). In all consecutive years (2003 to 2008), plots were mown twice a year in June
and September [36] (20 June and 20 September). Plots have not been fertilized.

Plots have been measured biannually in terms of four vegetation attributes: aboveground
biomass (AGB), leaf area index (LAI), vegetation height, and vegetation cover [36]. In the two-
species-mixture plot, AGB and vegetation cover have been measured for each of the two spe-
cies separately. In this study, we used published time-series data of observations from 2003 to
2008 [36].

Here, we aggregated biannual measurements to annual time-series data (mean value per
year to reduce the variability in the observation, Fig 1, see S1 Fig for a comparison of using
annual or bi-annual data in the model parameterization). Based on the calculated annual time-
series from 2003 to 2008, we define the following ten ‘vegetation patterns’: time-series of (i)
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Fig 1. Aboveground biomass dynamics for three monocultures. Black dots show observed values and colored lines
represent the simulated dynamics of (A) F. pratensis, (B) P. pratensis and (C) P. lanceolata using the model
GRASSMIND (annual average and vertical grey lines/polygons denote the intra-annual range of two censuses per
year).

https://doi.org/10.1371/journal.pone.0236546.g001

AGB, (ii) LAL (iii) vegetation height and (iv) cover of each monoculture plot, time-series of
(v) community LAI and (vi) vegetation height of the mixture plot, time-series of species-spe-
cific (vii) AGB and (viii) vegetation cover in the mixture plot, and time-series of relative yields
(i.e. the ratio of an attribute value in the mixture to its value in the monoculture; in terms of
(ix) AGB and (x) vegetation cover) per species. More details on the available empirical data
can be found in S2 Appendix.

Model parameterization

The GRASSMIND model was parameterized for three species (Festuca pratensis, Poa pratensis,
Plantago lanceolata). As a result, we obtained species-specific sets of trait parameters which in
combination with site-specific time-series of climate data, mowing dates and additional plot-
based parameters (e.g. for soil attributes) were used to simulate the observed vegetation pat-
terns in each field plot with the GRASSMIND model. To be able to compare daily simulated
dynamics of individual plants with the observed vegetation attributes at the population and
community level, we aggregated our simulation results. At the same biannual measurement
dates of each field plot, we summed up simulated single plant biomass to calculate community
level AGB (or only plants of a certain species for population level AGB; similarly calculated for
vegetation cover). To obtain LAI, we summed up all single plant’s leaf area and related them to
the simulated plot area. Vegetation height was determined as the height of the largest plant.
The resulting simulation data of population and community level dynamics for each of the
biannual measurement dates were then aggregated to annual time-series data (similar to the
observations).

The model requires a total of 30 parameter values per species, from which nine parameters
were available from literature (S2 Appendix). From the remaining parameters, five were esti-
mated and the other 16 parameters (of plant geometry, physiology, demography and resource
demand) parameterized inversely using optimization techniques [38, Tables 1 and 2]. To
inversely determine parameter values, we used the observed vegetation patterns (see paragraph
before, S2 Appendix). According to a selected algorithm, many parameter sets were con-
structed and tested in order to minimize the distances between observations and simulations
(distances are thereby summarized in a cost function, S2 Fig, [38]).

The cost function for the optimization includes in our study all vegetation patterns of the
annual time-series observations (aboveground biomass, leaf area index, vegetation height, veg-
etation cover of monocultures and species mixtures as well as their relative yields; see para-
graph before for details). For a selected pattern p and species i we calculated the mean absolute
percentage error (MAPE, [47]) of the simulated (y, ;) and observed (x,;) time-series data. By
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Table 1. Geometrical parameters for the three species.

Parameter | Unit | Description F. P. P. Reference
pratensis | pratensis |lanceolata

Rppax cm maximum height of a plant 120 60 70 [39-41]
hw - height-width ratio of a plant’s encasing | 1.5 0.5 0.6 inversely parameterized

cylinder
fs g cm™ | shoot correction factor 0.00072 0.00057 0.00041 inversely parameterized
fo - overlapping factor 1 1 0.8 predefined (for F. pratensis and P. pratensis) inversely

parameterized (for P. lanceolata)
SLA cm’ g | specific leaf area 117.48 130.05 197.25 inversely parameterized
1

SRL cm g | specific root length 42462.8 17804 89051. 1 inversely parameterized
(SR - parameters of the rooting depth power- | 3.506 3.506 5.777 0.365 | [42]

law relationship 0.301 0.301
sr - shoot-root ratio of plant biomass organs | 2.2 35 104 [37]

The table provides details about GRASSMIND parameters, with their units of measurements and prescribed or inversely parameterized values. While no overlapping of

grass species was included (predefined factor of 1), we allowed plant overlapping for the forb species and calibrated its parameter inversely.

https://doi.org/10.1371/journal.pone.0236546.t001

this, the cost function includes (a) the growth behavior of three species in monocultures, (b)
the growth behavior of a grass and forb species in a mixture and (c) the growth behavior of
each species in a mixture compared to its monoculture for the grass-forb community (i.e. rela-
tive yields). Details, explanations and results of the model parameterization are described in
the S2 Appendix.

In addition, we tested the inverse parameterization method for (i) different vegetation pat-
terns included in the cost function, (ii) different algorithms for minimizing the cost function,
(iii) different mathematical formulations of the cost function, and (iv) different degrees of
detail of the observations included in the cost function. This sensitivity analysis is illustrated
on the example of the monoculture plot of Festuca pratensis (due to extensive runtime efforts).
Again, optimization was done using the previously introduced cost function (except for (iii))
and evaluated using our model evaluation criteria (introduced in the next subsection).

For (i) we tested whether fitting only one single vegetation pattern could be sufficient to
explain population dynamics rather than including multiple patterns. In (ii) we tested different
cost functions on the example of aboveground biomass: mean absolute percentage error
(MAPE), normalized root mean square error (nrmse) and a combined function based on our
evaluation criteria (for details see S2 Appendix). For (iii) we analyzed three different algo-
rithms on the example of aboveground biomass: dynamic dimensional search (DDS), adaptive
simulated annealing (ASA) and differential evolution (DE). Details on the algorithms can be
found in [38]. In (iv) we compared the optimization if we include annual or biannual time-
series in the cost function on the example of leaf area index (as this represents a well calibrated
attribute in contrast to AGB).

Model evaluation

To evaluate the accuracy of our model parameterization, we compared the annual time-series
of observations and simulations for each vegetation pattern (similarly aggregated as for the
model parameterization; average of 100 replicated model simulations to account for stochasti-
city, Table 1). For descriptive purposes only, we also averaged values of each observed and sim-
ulated vegetation pattern (to calculate an average value of annual mean and standard deviation
across years 2003 to 2008; sample size N = 6 years; Table 1).
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Table 2. Model process parameters for the three species.

Process Parameter | Unit Description F. P. P. Reference
pratensis | pratensis |lanceolata
Recruitment and emergence of | N m>d’ seed rain from surrounding 4013 1062 3038 (1100) | inversely parameterized
new seedlings landscape (1934)
Emeta julian day julian day at which seed rain 136 136 136 [36]
starts
tom d time between seed rain and 14 21 7 [37]
seedling emergence
germo, - seed germination rate 0.3 0.75 0.9 [43]
Aimin m initial height of ingrowing 0.03 0.03 0.03 predefined (technical
seedlings parameter)
agerep yr age at which recruitment starts | 0.2 0.09 0.02 inversely parameterized
Mortality LLS d leaf life span (start of yellowing | 219 80 77 inversely parameterized
leaves)
RLS d root life span 166 278 547 inversely parameterized
Mgeed d! mortality rate of established 0.038 0.06 0.046 inversely parameterized
seedlings
Mpasic yrt mortality rate of mature plants | 0.02 0.02 0.02 [44]
life yr life span of plants perennial | perennial | perennial | predefined
Photosynthesis Pmax umolco, m? s | maximum gross leaf 17 29 37 inversely parameterized
photosynthesis
a umolcos, initial slope of light response 0.07 0.09 0.04 inversely parameterized
UmMol,hotons ! curve
k - light extinction coefficient 0.8 0.3 0.27 inversely parameterized
m - transmission coefficient 0.1 0.1 0.1 [45]
Competition WUE goDM kgmo'1 water use efficiency coefficient 2.7 6.1 7.5 inversely parameterized
CNyreen - CN ratio of green leaves 18 27 23 inversely parameterized
CNgen - CN ratio of senescent leaves and | 39 47 49 inversely parameterized
roots
Niy y/n symbiotic N fixation No no no predefined
Growth allocgpor - allocation rate of NPP to shoot | 0.50 0.33 0.35 inversely parameterized
growth
Tm 4! maintenance respiration rate 0.02 0.02 0.02 [46]
rg - growth respiration factor 0.2 0.2 0.2 [46]

The table provides details about GRASSMIND parameters, with their units of measurements and prescribed or inversely parameterized values. For seed rain of P.
pratensis and P. lanceolata values of the monocultures are given first while mixture values are provided in brackets below.

https://doi.org/10.1371/journal.pone.0236546.t1002

For a selected pattern p and species i we performed a linear regression of the simulated
(7p,:) and observed (x,,;) time-series data: y, ; = I, i+s, i, ; (resulting in a slope s,, ;, intercept I, ;
and the coefficient of determination R?, sample size N = (6 years x 3 species) for the monocul-
tures, N = 6 years for the mixture). In addition, we calculated the normalized root mean square
error nrmse (sample size N = (6 years x 3 species) for the monocultures, N = 6 years for the
mixture).

To get an overall impression, we further compared and analyzed the normalized observed
and simulated vegetation patterns of (a) all monoculture plots (Fig 2A) and (b) all attributes in
the mixture plot (Fig 3C). For this overall evaluation, we divided simulated and observed vege-
tation patterns by the maximum value of observed and simulated data of all species, but per
pattern separately. Details, explanations and results of the model evaluation are described in
the S2 Appendix and S3 Fig.
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Fig 2. Comparison of observed and simulated patterns in terms of aboveground biomass, vegetation height, leaf
area index and vegetation cover for three monocultures. Each dot reflects a yearly value. Colors mark results for the
different species. In (A) all compared patterns for the three species are combined. Different patterns are normalized by
the maximum value (of observations and simulations for all species). The black solid line shows the linear regression
line for which the R* and nrmse is displayed. In (B-E) each pattern is displayed without normalization. Note that axes
for AGB are logarithmic.

https://doi.org/10.1371/journal.pone.0236546.g002

Results
Species population dynamics in monocultures

The observed population dynamics in monocultures (two grasses and one forb species) show
considerable differences in their intra- and inter-annual variations (Fig 1, Table 3, S4 Fig).
Aboveground biomass (AGB) ranges on average between 44 to 328 g per m?; especially F. pra-
tensis shows peaks during the first years of transient growth phase with an average biomass of
450 g per m” in 2004. Species-specific dynamics of leaf area index (LAI) and vegetation height
follow nearly similar annual patterns compared to aboveground biomass (S4 Fig). Both grass
species differ considerably as P. pratensis reaches only about half of the biomass (AGB), LAI
and vegetation height of F. pratensis (S4 Fig, Table 3).

Monoculture simulations match only partly the observed vegetation patterns with an over-
all moderate R* of 0.57 and nrmse of 67.6% (regression slope s = 0.7; Fig 2, Table 3, S4 Fig, S2
Appendix). Some deviations remain unresolved, mostly with regard to aboveground biomass
and vegetation cover of F. pratensis (S4 Fig, S2 Appendix). The dynamics of LAI and
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10 20 30 40
| j.

15

L
Normalized simulation
02 02 06 10

Normalized simulation

Vegetation height (cm)

0

02 02 06 10
- Normalized observation

1 2 3 4 B 8
Time (yrs)

(B) Leaf area index (E) P. lanceolata

10

LA
0

=0-

0

Normalized simulation

= 31
" nrmse = 82% =
° N
L= T T T T T T T T T g T T T T T
1 2 3 4 5 6 0.0 05 10 15 20 00 05 10 15 20
Time (vrs) Normalized observation Normalized observation

Fig 3. Comparison of observed and simulated patterns for the two-species-mixture. In (A-B) annual dynamics of
AGB and LAI are shown. In (C-E) each dot represents an annual value compared between observation and simulation.
In (A, D-E) species are marked by different colors (yellow and blue). In (C) all results are combined and normalized by
the maximum value (of observations and simulations per selected pattern). In (D) the observed AGB and vegetation
cover is compared with the simulated values only for P. pratensis within the mixture, while in (E) both patterns are
shown only for P. lanceolata’s contribution in the mixture (again normalized by their respective maximum values).

https://doi.org/10.1371/journal.pone.0236546.g003
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Table 3. Comparison of observed and simulated vegetation patterns and its evaluation.

Plot

Mono-cultures

Mixture

Pattern
AGB

LAI

Height

Cover

AGB
LAI
Height

Cover

Species

F. pratensis

P. pratensis
P. lanceolata
F. pratensis
P. pratensis
P. lanceolata
F. pratensis
P. pratensis
P. lanceolata
F. pratensis
P. pratensis
P. lanceolata

P. pratensis + P. lanceolata

Observed Simulated MAPE Regression slope (R? nrmse (%)
219.6 (111.8-327.5) | 158.7 (139.8-177.5) | 0.38 0.31 (0.44) 80.3%
88.8 (44.3-133.4) 70.2 (55.9-84.4) 0.48

67.4 (49.3-85.5) 55.4 (40.0-70.7) 0.32

2.0 (1.6-2.4) 1.9 (1.6-2.1) 0.16 0.70 (0.64) 63.5%
1.0 (0.8-1.2) 0.8 (0.6-1.0) 0.16

1.2 (0.9-1.6) 1.1 (0.8-1.4) 033

36.1 (27.1-45.2) 32.2(27.0-37.4) 0.15 0.61 (0.67) 63.2%
20.2 (18.8-21.5) 17.8 (14.2-21.5) 0.12

18.7 (16.8-20.6) 15.0 (11.0-19.0) 0.22

61.8 (56.1-67.5) 74.1 (70.7-77.6) 0.53 -0.01 (0.002) 106.9%
74.5 (72.7-76.3) 69.7 (61.1-78.4) 0.28

55.0 (45.1-64.9) 70.1 (64.2-76.0) 0.39

141.7 (86.7-196.8) 65.7 (50.5-80.9) 0.91 0.15 (0.62) 105.2%
1.3 (0.9-1.7) 1.0 (0.8-1.3) 0.20 -0.02 (0.0006) 134%
20.3 (16.8-23.8) 18.2 (14.6-21.9) 0.12 0.01 (0.003) 101.9%
77.2 (68.4-86.0) 69.9 (63.0-76.9) 0.59 0.30 (0.31) 83.5%

Average values (years 2003 to 2008) of yearly mean (in brackets the average of yearly minimum and maximum values is given) in terms of aboveground biomass (AGB),

leaf area index (LAI), vegetation height and cover are compared for three monocultures and a two-species community.

https://doi.org/10.1371/journal.pone.0236546.t1003

vegetation height show comparably low nrmse values for all species (Fig 4B-4E, Table 3). The
observed inter-annual range of LAI, vegetation height and cover can be reproduced by the
simulation model, while for AGB the observed range was on average two times higher than
simulated (Table 3).

Dynamics and interactions in two-species mixtures

Simulated patterns of grassland dynamics for both species in the mixture show large deviations
to those observed in the field with an overall high nrmse of 82% and low R” of 0.49 (regression
slope s = 0.58; Table 3, Fig 3, S5 and S6 Figs). Among all patterns, vegetation cover was the best
reproduced pattern by the model (nrmse < 100%; Table 3, S2 Appendix) compared to vegeta-
tion height, AGB and LAI (nrmse > 100%; Table 3). The dynamics of species composition is
simulated in sufficient agreement with empirical measurements (for cover and AGB; Fig 3D-
3E, S5 and S6 Figs). Observed inter-annual ranges were well reproduced by the simulations
(Table 3), except for AGB which was about factor two to three lower in the simulations.

When comparing the observed behavior of monocultures (for P. pratensis and P. lanceo-
lata) with their respective outcome in the mixture, we notice that the forb species (P. lanceo-
lata) is more competitive in terms of AGB compared to the grass species (P. pratensis). While
the forb is able to exceed its expectations (i.e. half of its monoculture), the grass species is
observed far below the forb and reaches, for example in year 2003 only around 35% of its
expectations (S7 Fig, S2 Appendix). Most of the simulated values of relative yields in terms of
cover coincide with the observed values, while simulated relative yields in terms of AGB (espe-
cially for P. lanecolata) fail to match the observations (52 Appendix, S7 Fig).

Insights from model parameterization

Best matches between observations and simulations were obtained when accounting for all
available information on the different vegetation patterns (‘multi-constrained inverse
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Fig 4. Comparison of different observed vegetation attributes included as single attribute in the inverse model parameterization. The calibrated vegetation pattern
is framed by a blue rectangle while the other vegetation patterns are shown for evaluation purposes (example of F. pratensis monoculture, using MAPE as cost function).
Green lines (and shaded polygons) describe simulations (yearly mean and range) while black dots and grey lines describe the observations (yearly mean and range). All
four vegetation patterns are normalized and summarized in a 1:1 plot (right panel). See methods for details.

https://doi.org/10.1371/journal.pone.0236546.9004

parameterization’). In a demonstration example of an F. pratensis monoculture, calibrating
time-series only on single vegetation patterns optimizes the simulation of the respective pat-
tern (nrmse values of 27% - 126%), but clearly fails when comparing the excluded attributes
(Fig 4, nrmse values between 80% and 263%). Moreover, for aboveground biomass even the
calibrated pattern was not reproduced well (Fig 4, nrmse ~ 126%).
Interestingly, calibrating LAI alone already provides comparably sufficient matches of vege-

tation height and AGB (nrmse =~ 80% - 110%) but less for cover (nrmse ~ 127%). This result
can also be assessed when combining multiple patterns for the calibration (e.g. two patterns,
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three patterns or full information). Adding additional information to the calibration improves
clearly those patterns not calibrated before, but often at the expense of those patterns previ-
ously included in the calibration (S8 and S9 Figs). In all possible combinations of observed
vegetation patterns included in the calibration, the inclusion of LAI revealed in most cases best
results (comparably low nrmse in all patterns). Nevertheless, using all available information
still showed the best calibration result. Additional effects can be expected when using alterna-
tive calibration algorithms or cost functions (510 and S11 Figs).

Discussion

Here we tested in a first step the individual- and process-based grassland model GRASSMIND
for simulating monocultures and a two-species mixture of two grass and one forb species
(based on a mown grassland experiment in Central Germany). Key characteristics of the
model include: (i) the ability to track the plant size structure in grasslands and by this, intra-
and interspecific plant interactions, (ii) the calculation of plant growth based on biogeochemi-
cal cycles (in terms of carbon, nitrogen and water), (iii) the description of plant interactions by
species traits and plant size, and (iv) the detailed modelling of soil and hydrological processes
by coupling soil models. By this, simulated monocultures as well as species assembly in mix-
tures can reproduce general trends of empirical measurements for different vegetation attri-
butes, however still with some considerably quantitative deviations. Parameterization of the
model is partly challenging due to scarce plant measurements at the individual plant level,
which can be overcome by inverse parameterization methods. We demonstrated that multiple
vegetation attributes are important for a comprehensive model parameterization while leaf
area index demonstrated to be of highest relevance for a robust parameterization. Failures in
exactly matching all observation data at the same time pinpoint to the need of detailed grass-
land measurements (e.g. of higher temporal resolution) for advancing modelling approaches.

Extending the model’s applicability to other regions than the here analyzed study site
requires additional tests of the GRASSMIND model on its transferability to various environ-
mental conditions, management regimes (including model extensions to simulate grazing)
and a higher richness of plant species and functional groups (including legumes). Accounting
for additional factors and their integration in grassland models, however, needs careful consid-
eration in terms of potential changes in model behavior [48], especially when moving to other
ecoregions (e.g. Mediterranean grasslands characterized by shifted growing-seasons to
autumn-spring, summer drought and variable precipitation [49]).

While the GRASSMIND model simulates the biogeochemical growth of individual plants
interacting with each other in their neighborhood, other comparable grassland models sim-
plify specific processes in favor of applicability [15]. Individual-centered models (e.g. GEMINI
[19,33,34], or LPJmL [20]) simulate, for example, average plants per species within mixtures,
but is at the expense of a detailed size structure of plants within grasslands. The mechanistic
model IBC-grass [18,21] in turn is able to track the size of individual plants, but describes
plant development by growth functions which exclude biogeochemical cycles. In another
direction, an increasing model complexity can complicate model parameterization for species-
rich mixtures and is thus often applied only for a representative mean species (e.g. Hurley Pas-
ture Model [50]). Nevertheless, individual-based and individual-centered models enable to
analyze morphological and physiological trait plasticity [19,33,34].

Mechanistic models support the understanding of complex processes and interactions in
grasslands, whereas applications at larger scales benefit from simpler mechanistic or even
empirical models [51]. Less complex model types (e.g. the generic CoSMo model [52,53],
being a model component susceptible to be coupled to generic simulation models that deal
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with grasslands as an average plant species) are therefore often based only on specific vegeta-
tion attributes for simulating community changes and species composition (e.g. aboveground
biomass, [53]). However, recently developed methodological frameworks for applying (or
upscaling) process-based models to larger scales without losing multiple small-scale informa-
tion have already been tested for various biomes (e.g. [54-57]) and can be promising to be
transferred to temperate grasslands.

As climate change research becomes more and more relevant, grassland models can play a
major role for understanding the interplay between environmental change, biodiversity and
grassland functioning [58]. Next generation grassland models thereby are posed to specific
challenges, including among others the improved representation of multi-species grasslands
(e.g. for identifying important species traits and processes to enhance grassland resilience) as
well as GHG balances, and promoting regional transferability of models to various environ-
mental conditions [51].

Challenges in confronting the grassland model with empirical data

Parameterizing the grassland model for the three selected grassland species included some
challenges as some field observations were not able to be matched by the model (mostly in
terms of aboveground biomass). Here, we were able to identify that the parameterization of an
individual- and process-based grassland model like GRASSMIND requires the inclusion of
several combined observed vegetation attributes (‘multi-constrained inverse parameteriza-
tion’). To progress future model development and improve parameterization, further analysis
of more computer-intensive techniques (like Approximate Baysian Computation [59,60], and
related cross-validation procedures [61]) can provide additional insights on the uncertainty of
estimated model parameters.

Dependent on the location of observation plots, rates of seed rain as well as the functional
type of undesired species or weeds in the biodiversity experiment can differ. Such differences
can cause variations in species dynamics and interactions on the plot (e.g. by species invaders
or weeds), which could also propagate to the measured vegetation patterns (e.g. aboveground
biomass) causing the observed variations. Although biodiversity experiments have the advan-
tage to stepwise confront models with population and community dynamics of various species
richness, natural monitoring sites (e.g. Nutrient Network sites, [5]), which allow ingrowth and
persistence of all species of the regional species pool, could overcome these uncertainties.

Empirical time-series data of grasslands often lack continuous measurements. Various veg-
etation patterns at a high temporal resolution have so far been rarely measured over longer
time periods (e.g. monthly or weekly measurements over several years). Although the process-
based grassland model simulates on a daily basis, we thus can only compare specific points in
time within a year (here in this study, two days per year). By this, some model parameters (e.g.
plant architecture) which still remain difficult to measure are also challenging during inverse
model parameterization. In addition, plant attributes are constant species trait parameters in
the model, but may vary in reality over the lifetime of an individual plant (e.g. specific leaf area
[62]). Model development in the direction of trait evolution or adaptation to environmental
conditions could potentially integrate such effects.

Multiple patterns of empirical measurements are in general desired to sufficiently parame-
terize individual- and process-based grassland models [63]. The here applied parameterization
methods in fact required multiple patterns which may reflect different structural and physio-
logical attributes of grasslands. Data on LAI and vegetation height, for example, describe the
vertical size structure of grasslands in an aggregated way, thereby pinpointing to potential
plant size hierarchies within the community. In turn, vegetation cover reflects rather a measure
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of lateral spread of species and thus, of horizontal vegetation structure (or implicit spatial
structures). Aboveground biomass is an additional component for integrating physiological
processes correctly which drive grassland productivity and plant density (correlating with leaf
area index).

The inclusion of multiple vegetation patterns describing the vertical and horizontal struc-
tures as well as physiological aspects thus affect the parameterization of different species traits
for the presented grassland model. While attributes of a species’ light response mostly affect
aboveground plant biomass, geometric species traits (e.g. plant shoot architecture) influence
vegetation height and cover much stronger. Nevertheless, all species traits interfere in the
model via intra- and inter-specific interaction dynamics and interplay strongly with plant size
hierarchy. An open question remains if (and which) observed vegetation attributes are suffi-
cient for model parameterization in general (i.e. beyond the selected plots tested in this study).
Here, we highlighted the relevance of LAI, thus calibrating for example only LAI time-series,
could be a promising approach for IBM-parameterizations of grasslands. Leaf area index can
generally be provided in a high spatial and temporal resolution (e.g. daily) by remote sensing
while ground-truth measurements (e.g. on aboveground biomass and vegetation height) could
be used for validation then.

Perspectives of grassland modelling

Grasslands have gained large attention during the last decades by the set-up of biodiversity
experiments and global monitoring campaigns, which relate species diversity to ecosystem
functioning at the local scale as well as across spatial scales. Empirical analyses of such studies
already highlighted for example, that species yield can differ in mixtures compared to mono-
cultures. Empirically observed diversity-productivity relationships have revealed that positive
effects are mainly driven by an increasing plant density of overyielding species (predominantly
forbs and legumes, [64]).

To understand why species in mixtures differ in their competitive dynamics compared to
monocultures, grassland modelling is valuable in complementing field measurements. Insights
have been gained, for example, by structural equation modelling [65] and simple mechanistic
models [11, 66, 67]. In contrast, process-based models allow to look deeper into mechanisms
and enable to switch on or off different processes (e.g. competition for water between plants),
to manipulate specific site conditions (e.g. soil properties), to derive additional attributes and
to upscale local measurements. By this, the effect and strength of ecosystem processes and
external drivers on grassland dynamics, structure and species interactions can be analyzed and
disentangled in a systematic manner. This approach complements field experiments which are
often limited in the number of factors that can be varied within their designs. Efforts for long-
term monitoring and analysis of experiments increase with variations of species’ seed num-
bers, soil properties and management (including the prevention of invaders) combined with a
full design of a field experiment in terms of species diversity and assembly.

Accounting for heterogeneities in the environment for grassland dynamics especially
becomes relevant when analyzing study sites at larger spatial scales or comparing various sites
across spatial scales. Still, the ongoing debate about generalized diversity-productivity relations
at local sites and productivity-richness relations across scales, as well as their linkage opens up
new research questions and hypotheses [5, 9, 10, 68]. Applying a process-based model to larger
spatial scales enables to analyze the interplay of species dynamics and ecosystem function (e.g.
productivity or soil carbon storage) for local and regional scales (e.g. in virtual landscapes of
heterogeneous soil, climate, anthropogenic management and natural disturbances). Besides
spatial heterogeneities, also temporal variability in the environment (e.g. rainfall duration and
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intensity) and in natural or anthropogenic disturbances (e.g. stochastic extreme events or reg-
ular mowing) needs to be considered to understand the stability and recovery of grasslands,
especially in terms of functioning and species coexistence [69-73]. Analyses, for example, on
how long environmental change or disturbances impact grassland ecosystems can only be sup-
ported when field studies run on the long-term. Species traits have strongly been in the focus
of biodiversity-ecosystem-functioning studies with the general hope to infer long-term ecosys-
tem properties only from the prevailing species traits [66]. The set-up of large trait databases
like TRY [74], e-FLORA [75] or other initiatives (e.g. Glopnet [76] or LEDA [77]) supported
such analysis and stimulated modelling efforts using species trait distributions [78,79]. Models
which integrate trait distribution concepts, for example, randomly choose a few independent
traits for new recruits while all others are derived by trade-off relations. Another approach
encompasses to completely dice out all species traits without predefining trade-offs or trait
ranges [80-82]. Process-based models can be used as a filter to derive species trait distributions
and trade-offs restricted to match specific criteria of ecosystems (e.g. ecosystem structure,
long-term species coexistence and stability). Such pattern-oriented filtering further can help to
infer underlying mechanisms not only from prevailing species traits, but also from attributes
recorded in monitoring campaigns at various spatial and temporal scales [83, 84]. Species traits
collected in large databases can substantiate model parameterization of species-rich communi-
ties and can help to identify correlations between species traits. However, sample size and loca-
tion of collected traits are still not well-balanced across regions [85].

Satellite-based remote sensing provides novel approaches to long-term monitor grasslands
in high-resolution, but also still lack detailed knowledge beyond NDVI measurements (e.g.
MODIS products, [86]), the extent of grassland cover (e.g. [87-91]) and diversity indices (e.g.
[92]). In contrast, for forest ecosystems remote sensing already provides detailed knowledge
on forest states, for example in terms of forest structure and also partly species trait composi-
tion [93-95]. Studies that simulate remote sensing measurements within process-based forest
models (successfully applied for managed temperate and species-rich tropical forests) addi-
tionally aided the reliable interpretation of remotely sensed signals and derived indices [96,97].
Such combination of process-based grassland modelling with remote sensing measurements
could also open up new perspectives for interpreting remote sensing observations and extract-
ing knowledge on the state and dynamics of grasslands.

Supporting information

S1 Appendix. GRASSMIND 2.0 -grassland model.
(PDF)

S2 Appendix. Additional information on empirical data and input parameter of the grass-
land model GRASSMIND.
(PDF)

S1 Fig. Comparison of different degrees of detail of observation data on LAI used for the
inverse model parameterization. The example of F. pratensis monoculture is shown here.
The calibrated vegetation pattern (yearly mean values versus bi-annual measurements) is
framed by a blue rectangle (for bi-annual shown as inlet) while the other vegetation patterns
are shown for evaluation purposes. All four vegetation patterns are normalized and summa-
rized in a 1:1 plot (right panel).

(TIF)

S2 Fig. Illustration of the inverse model parameterization. In (A) each optimization and the
corresponding cost function is shown (using MAPE as cost function and the DDS algorithm
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for optimization). In (B) only successfully minimized optimization steps are displayed. See
methods for details.
(TIF)

S$3 Fig. Illustration of the evaluation criteria. Examples of comparisons between virtually cre-
ated observed and simulated data points (black dots) to illustrate the different evaluation crite-
ria (the linear regression line is visualized in blue). In (A) virtual simulations match perfectly
virtual observations. In (B) the qualitative trend of observations is reproduced perfectly by
simulations (indicated by slope s = 1 and R* of 1) while the positive intercept and nrmse shows
a systematic deviation. In (C) simulations and observations deviate from each other (reflected
by the low R* and high nrmse) but reproduce on average the qualitative and quantitative trends
(due to intercept of I = 0 and slope of s = 1). In (D) and (E) examples which do not fulfill any
criteria optimally are shown. In each panel, the 1:1 grey dotted line illustrates optimal evalua-
tion criteria.

(TIF)

S4 Fig. Dynamics of vegetation height, LAI and vegetation cover for three species mono-
cultures. Black dots show observed values and colored lines represent the simulated dynamics
using GRASSMIND (black dots/colored lines show the annual average and vertical grey lines/
polygons denote the range of two single measurement values per year).

(TIF)

S5 Fig. Comparison of observed and simulated patterns in terms of aboveground biomass
(AGB), vegetation height and cover and leaf area index (LAI) for the species mixture. Each
dot reflects the comparison of an observed with a simulated yearly value of a selected pattern.
Colors identify the two species (orange-P. pratensis, blue-P. lanceolata, purple-total commu-
nity).

(TIF)

$6 Fig. Dynamics of (A) aboveground biomass and (B) vegetation cover for the species mix-
ture. Dots show observed values and colored lines represent the simulated dynamics using
GRASSMIND (both show the annual average and vertical grey lines/polygons denote the
range of two census values per year).

(TTF)

S7 Fig. Relative yield of (A) vegetation cover and (B) aboveground biomass for two species
included in the mixture. Bars show the simulated mixture performance of a species divided by
its monoculture performance. Black dots show the analogous empirical data. A relative yield of
1 (green dotted line) means that the species behaves in the mixture similar compared to its
monoculture (although in competition for space and resources with the other species). The

red dotted line (value of 0.5) represents the expected relative yield of a species in the mixture
(assuming both species equally distribute resources among them).

(TIF)

S8 Fig. Comparison of different observed vegetation attributes included as two-pair com-
bination in the inverse model parameterization. The calibrated vegetation patterns are
framed by a blue rectangle while the other vegetation patterns are shown for evaluation pur-
poses (example of F. pratensis monoculture, using MAPE as cost function). Green lines (and
shaded polygons) describe simulations (yearly mean and range) while black dots and grey
lines describe the observations (yearly mean and range). All four vegetation patterns are nor-
malized and summarized in a 1:1 plot (right panel).

(TIF)
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S9 Fig. Comparison of different observed vegetation attributes included as three-pair and
four-pair combinations in the inverse model parameterization. The calibrated vegetation
patterns are framed by a blue rectangle while the other vegetation patterns are shown for evalu-
ation purposes (example of F. pratensis monoculture, using MAPE as cost function). Green
lines (and shaded polygons) describe simulations (yearly mean and range) while black dots
and grey lines describe the observations (yearly mean and range). All four vegetation patterns
are normalized and summarized in a 1:1 plot (right panel).

(TIF)

$10 Fig. Comparison of different calibration methods for the inverse model parameteriza-
tion (example of F. pratensis monoculture, using MAPE as cost function). The calibrated
vegetation pattern (here on the example of AGB) is framed by a blue rectangle while the other
vegetation patterns are shown for evaluation purposes. Green lines (and shaded polygons)
describe simulations and black dots (with grey lines) the observations (yearly mean and annual
range). All four vegetation patterns are normalized and summarized in a 1:1 plot (right panel).
(TIF)

S11 Fig. Comparison of different cost functions for the inverse model parameterization
(example of F. pratensis monoculture). The calibrated vegetation pattern (here on the exam-
ple of AGB) is framed by a blue rectangle while the other vegetation patterns are shown for
evaluation purposes. Green lines (and shaded polygons) describe simulations and black dots
(with grey lines) the observations (yearly average and annual range). All four vegetation pat-
terns are normalized and summarized in a 1:1 plot (right panel).

(TIF)

Author Contributions

Conceptualization: Franziska Taubert, Andreas Huth.

Data curation: Franziska Taubert.

Formal analysis: Franziska Taubert.

Investigation: Franziska Taubert.

Methodology: Franziska Taubert, Jessica Hetzer, Julia Sabine Schmid, Andreas Huth.
Software: Franziska Taubert, Jessica Hetzer, Julia Sabine Schmid.
Supervision: Franziska Taubert.

Validation: Franziska Taubert.

Visualization: Franziska Taubert.

Writing - original draft: Franziska Taubert.

Writing - review & editing: Franziska Taubert, Jessica Hetzer, Julia Sabine Schmid, Andreas
Huth.

References
1. Eurostat, European statistics, 2017.

2. Isselstein J, Jeangros B, Pavlu V. Agronomic aspects of biodiversity targeted management of temper-
ate grasslands in Europe—a review. Agronomy Research. 2005; 3(2):139—-151.

PLOS ONE | https://doi.org/10.1371/journal.pone.0236546  July 28, 2020 15/19


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0236546.s011
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0236546.s012
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0236546.s013
https://doi.org/10.1371/journal.pone.0236546

PLOS ONE

Confronting a grassland model with empirical data

10.

1.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22,

23.

24,

25.

26.

27.

Suttie JM, Reynolds SG, Batello C. Grasslands of the World (Vol. 34). Food & Agriculture Org.; 2005
2005.

Spehn EM, Hector A, Joshi J, Scherer-Lorenzen M, Schmid B, Bazeley-White E, et al. Ecosystem
effects of biodiversity manipulations in European grasslands. Ecological Monographs. 2005; 75(1):37—
63.

Adler PB, Collins SL. Productivity is a poor predictor of plant species richness (vol 333, pg 1750, 2011).
Science. 2011; 334(6058):905—. https://doi.org/10.1126/science.1210317

Fischer M, Bossdorf O, Gockel S, Hansel F, Hemp A, Hessenmoller D, et al. Implementing large-scale
and long-term functional biodiversity research: The biodiversity exploratories. Basic and Applied Ecol-
ogy. 2010; 11(6):473-85.

Weisser W. et al. Biodiversity effects on ecosystem functioning in a 15-year grassland experiment: Pat-
terns, mechanisms, and open questions. Basic and Applied Ecology 2017; 23: 1-73.

Tilman D, Reich PB, Knops J, Wedin D, Mielke T, Lehman C. Diversity and productivity in a long-term
grassland experiment. Science. 2001; 294(5543):843-5. https://doi.org/10.1126/science.1060391
PMID: 11679667

Fraser LH et al. Worldwide evidence of a unimodal relationship between productivity and plant species
richness. Science 2015; 349.6245:302-305. https://doi.org/10.1126/science.aab3916 PMID: 26185249

Loreau M, Naeem S, Inchausti P, Bengtsson J, Grime JP, Hector A, et al. Biodiversity and ecosystem
functioning: Current knowledge and future challenges. Science. 2001; 294(5543):804—8. https://doi.org/
10.1126/science.1064088 PMID: 11679658

Kinzig AP, Pacala S, Tilman GD, editors. The functional consequences of biodiversity. Princeton, NJ:
Princeton University Press; 2002.

Volterra V. Fluctuations in the abundance of a species considered mathematically. Nature. 1926;
118:558-60.

Tilman D. Plant strategies and the dynamics and structure of plant communities. Princeton, NJ: Prince-
ton University Press; 1988 1988.

Siehoff S, Lennartz G, Heilburg IC, RoB-Nickoll M, Ratte HT, Preuss TG. Process-based modeling of
grassland dynamics built on ecological indicator values for land use. Ecological Modelling 2011; 222
(23—24), 3854-3868.

Taubert F, Frank K, Huth A. A review of grassland models in the biofuel context. Ecological Modelling.
2012; 245:84-93.

Thornley JHM. Grassland dynamics: Cab Intl; 1998 1998.

Smith B, Prentice IC, Sykes MT. Representation of vegetation dynamics in the modelling of terrestrial
ecosystems: comparing two contrasting approaches within European climate space. Global Ecology
and Biogeography. 2001; 10(6):621-37.

May F, Grimm V, Jeltsch F. Reversed effects of grazing on plant diversity: the role of below-ground
competition and size symmetry. Oikos. 2009; 118(12):1830-43.

Soussana JF et al. Gemini: A grassland model simulating the role of plant traits for community dynamics
and ecosystem functioning. Parameterization and evaluation. Ecological Modelling. 2012; 231:134—
145.

Rolinski S. et al. Modeling vegetation and carbon dynamics of managed grasslands at the global scale
with LPJmL 3.6.Geosci. Model. Dev. 2018; 11:429-451.

Weiss L, Jeltsch F. The response of simulated grassland communities to the cessation of grazing. Eco-
logical Modelling. 2015; 303:1-11.

Grimm V, Railsback SF. Individual-based modeling and ecology. Princeton, NJ: Princeton University
Press; 2005 2005.

Fischer R, Bohn F, Dantas de Paula M, Dislich C, Groeneveld J, Gutiérrez AG, et al. Lessons learned
from applying a forest gap model to understand ecosystem and carbon dynamics of complex tropical
forests. Ecological Modelling. 2016; 326:124—-33.

Botkin DB. Forest dynamics. An ecological model. Oxford, New York: Oxford University Press; 1993
1993.

Koéhler P, Huth A. Mechanisms promoting tropical tree species richness investigated with a process-
based forest growth model. 2004; 105:177.

Shugart HH. Terrestrial ecosystems in changing environments. Cambridge: Cambridge University
Press; 1998 1998.

Bugmann H. A review of forest gap models. Climatic Change. 2001; 51(3—4):259-305.

PLOS ONE | https://doi.org/10.1371/journal.pone.0236546  July 28, 2020 16/19


https://doi.org/10.1126/science.1210317
https://doi.org/10.1126/science.1060391
http://www.ncbi.nlm.nih.gov/pubmed/11679667
https://doi.org/10.1126/science.aab3916
http://www.ncbi.nlm.nih.gov/pubmed/26185249
https://doi.org/10.1126/science.1064088
https://doi.org/10.1126/science.1064088
http://www.ncbi.nlm.nih.gov/pubmed/11679658
https://doi.org/10.1371/journal.pone.0236546

PLOS ONE

Confronting a grassland model with empirical data

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42,

43.

44,

45.

46.

47.

48.

49.

50.
51.

52.

Wyszomirski T. Growth, competition and skewness in a population of one-dimensional individuals. Eko-
logia Polska. 1986; 43:615—-641.

Weiner J, Stoll P, Muller-Landau H., Jasentuliyana A. Spatial pattern, competitive symmetry and size
variability in a spatially-explcit, individual-based plant competition model. The American Naturalist.
2001; 158:438-450. https://doi.org/10.1086/321988 PMID: 18707338

Berger U, Hildenbrandt H. A new approach to spatially explicit modelling of forest dynamics: Spacing,
ageing and neighbourhood competition of mangrove trees. Ecological Modelling. 2000; 132:287-302.

Pacala SW, Silander JA Jr. Neighborhood models of plant population dynamics. I. Single-species mod-
els of annuals. The American Naturalist. 1985; 125(3):385-411.

Pacala SW, Silander JA Jr. Field tests of neighborhood population dynamic models of two annual weed
species. Ecological Monographs. 1990; 60(1):113-134.

Maire V et al. Plasticity of plant form and function sustains productivity and dominance along environ-
ment and competition gradients. A modelling experiment with GEMINI. Ecological Modelling. 2013;
254:80-91.

Maire V et al. Disentangling coordination among functional traits using an individual-centred model:
impact on plant performance at intra- and inter-specific levels. PLoS ONE. 2013; 8:e77372. hitps://doi.
org/10.1371/journal.pone.0077372 PMID: 24130879

Parton WJ, Stewart JWB, Cole CV. Dynamics of C, N, P and S in grassland soils: a model. Biogeo-
chemistry. 1988; 5(1):109-31.

Weigelt A, Marquard E, Temperton VM, Roscher C, Scherber C, Mwangi PN, et al. The Jena Experi-
ment: six years of data from a grassland biodiversity experiment. Ecology. 2010; 91(3):930-1. https:/
doi.org/10.1890/09-0863.1

Heisse K, Roscher C, Schumacher J, Schulze ED. Establishment of grassland species in monocultures:
different strategies lead to success. Oecologia. 2007; 152(3):435-47. https://doi.org/10.1007/s00442-
007-0666-6 PMID: 17356814

Lehmann S, Huth A. Fast calibration of a dynamic vegetation model with minimum observation data.
Ecological Modelling. 2015; 301:98—105.

Info Flora. The National Data and Information Centre on the Swiss Flora, URL: https://www.infoflora.ch/
def/flora/festuca-pratensis.html [last accessed: 5 July 2019]

Abaye AO. Common Grasses, Legumes and Forbs of the Eastern US, Elsevier, 2019, ISBN 978-0-12-
813951-6

Weryszko-Chmielewska E, Matysik-Wozniak A, Sulborska A, Rejdak R. Commercially important prop-
erties of plants of the genus Plantago. Acta Agrobotanica 2012; 65(1).

Schenk HJ, Jackson RB. Rooting depths, lateral root spreads and below-ground/above- ground allome-
tries of plants in water-limited ecosystems. Journal of Ecology. 2002; 90(3):480-94.

Roscher C, Schumacher J, Baade J, Wilcke W, Gleixner G, Weisser WW, et al. The role of biodiversity
for element cycling and trophic interactions: an experimental approach in a grassland community. Basic
and Applied Ecology. 2004; 5(2):107-21.

Edelfeldt S, Lindell T, Dahlgren JP. Age-independent adult mortality in a long-lived herb. Diversity.
2019; 11(10):187.

Thornley JHM, France J. Mathematical models in agriculture. Quantitative methods for the plant, animal
and ecological sciences. 2 ed. Wallingford: Cab Intl; 2007 2007.

Amthor JS. The role of maintenance respiration in plant growth. Plant, Cell and Environment 1984;
7:561-569.

De Myttenaere A, Golden B, Le Grand B, Rossi F. Mean absolute percentage error for regression mod-
els. Neurocomputing. 2016; 192: 38—48.

Moulin T, Perasso A, Gillet F. Modelling vegetation dynamics in managed grasslands: Responses to
drivers depend on species richness. Ecological Modelling. 2018; 374:22-36.

Pulina A, Lai R, Salis L, Seddaiu G, Roggero PP et al. Modelling pasture production and soil tempera-
ture, water and carbon fluxes in Mediterranean grassland systems with the Pasture Simulation model.
Grass and Forage Science. 2017; https://doi.org/10.1111/gfs.12310.hal-01637737

Thornley JH. Grassland dynamics: an ecosystem simulation model. CAB international. 1998

Kipling RP et al. Key challenges and priorities for modelling European grasslands under climate change.
Science of the Total Environment. 2016; 566-567:851-864. https://doi.org/10.1016/j.scitotenv.2016.
05.144 PMID: 27259038

Confalonieri R. CoSMo: a simple approach for reproducing plant community dynamics using a single
instance of generic crop simulators. Ecological Modelling. 2014; 286:1-10.

PLOS ONE | https://doi.org/10.1371/journal.pone.0236546  July 28, 2020 17/19


https://doi.org/10.1086/321988
http://www.ncbi.nlm.nih.gov/pubmed/18707338
https://doi.org/10.1371/journal.pone.0077372
https://doi.org/10.1371/journal.pone.0077372
http://www.ncbi.nlm.nih.gov/pubmed/24130879
https://doi.org/10.1890/09-0863.1
https://doi.org/10.1890/09-0863.1
https://doi.org/10.1007/s00442-007-0666-6
https://doi.org/10.1007/s00442-007-0666-6
http://www.ncbi.nlm.nih.gov/pubmed/17356814
https://www.infoflora.ch/de/flora/festuca-pratensis.html
https://www.infoflora.ch/de/flora/festuca-pratensis.html
https://doi.org/10.1111/gfs.12310.hal-01637737
https://doi.org/10.1016/j.scitotenv.2016.05.144
https://doi.org/10.1016/j.scitotenv.2016.05.144
http://www.ncbi.nlm.nih.gov/pubmed/27259038
https://doi.org/10.1371/journal.pone.0236546

PLOS ONE

Confronting a grassland model with empirical data

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

Movedi E et al. Development of generic crop models for simulation of multi-species plant communities
in mown grasslands. Ecological Modelling. 2019; 401:111-128.

Raédig E et al. Spatial heterogeneity of biomass and forest structure of the Amazon rain forest: Linking
remote sensing, forest modelling and field inventory. Global ecology and biogeography. 2017; 26
(11):1292-1302.

Rédig E et al. From small-scale forest structure to Amazon-wide carbon estimates. Nature communica-
tions. 2019; 10(1):1-7. https://doi.org/10.1038/s41467-018-07882-8

Rammer W, Seidl R. A scalable model of vegetation transitions using deep neural networks. Methods in
ecology and evolution. 2019; 10(6):879-890. https://doi.org/10.1111/2041-210X.13171 PMID:
31244986

Cipriotti PA, Wiegand T, Ptz S, Bartoloni NJ, Paruelo JM. Nonparametric upscaling of stochastic simu-
lation models using transition matrices. Methods in Ecology and Evolution. 2016; 7(3):313-322.

Van Oijen M, Bellocchi G, Hoglind M. Effects of climate change on grassland biodiversity and productiv-
ity: The need for a diversity of models. Agronomy. 2018; 8:14.

Hartig F, Calabrese JM, Reineking B, Wiegand T, Huth A. Statistical inference for stochastic simulation
models—theory and application. Ecology letters. 2011; 14(8): 816-827. https://doi.org/10.1111/j.1461-
0248.2011.01640.x PMID: 21679289

Beaumont MA. Approximate Bayesian computation in evolution and ecology. Annual review of ecology,
evolution, and systematics. 2010; 41: 379-406.

Csilléry K, Frangois O, Blum MGB. abc: an R package for approximate Bayesian computation (ABC).
Methods Ecol. Evol. 2012; 3:475-479.

Poorter H, Pothmann P. Growth and carbon economy of a fast-growing and a slow-growing grass spe-
cies as dependent on ontogeny. New Phytologist. 1992; 120(1):159-166.

Grimm V, Revilla E, Berger U, Jeltsch F, Mooij WM, Railsback SF, et al. Pattern-oriented modeling of
agent-based complex systems: lessons from ecology. Science. 2005; 310:987-91. https://doi.org/10.
1126/science.1116681 PMID: 16284171

Marquard E, Weigelt A, Roscher C, Gubsch M, Lipowsky A, Schmid B. Positive biodiversity-productivity
relationship due to increased plant density. Journal of Ecology. 2009; 97(4):696—704.

Grace JB, Anderson TM, Seabloom EW, Borer ET, Adler PB, Harpole WS, et al. Integrative modelling
reveals mechanisms linking productivity and plant species richness. Nature. 2016; 529(7586):390-3.
https://doi.org/10.1038/nature 16524 PMID: 26760203

Kraft NJB, Godoy O, Levine JM. Plant functional traits and the multidimensional nature of species coex-
istence. Proceedings of the National Academy of Sciences of the United States of America. 2015; 112
(3):797-802. https://doi.org/10.1073/pnas.1413650112 PMID: 25561561

Tilman D. The ecological consequences of changes in biodiversity: A search for general principles.
Ecology. 1999; 80(5):1455-74.

Chase JM. Stochastic community assembly causes higher biodiversity in more productive environ-
ments. Science. 2010; 328(5984):1388-91. https://doi.org/10.1126/science.1187820 PMID: 20508088

Haddad NM, Tilman D, Knops JM. Long-term oscillations in grassland productivity induced by drought.
Ecology Letters. 2002; 5(1):110-120.

Proulx R, Wirth C, Voigt W, Weigelt A, Roscher C, Attinger S et al. Diversity promotes temporal stability
across levels of ecosystem organization in experimental grasslands. PLoS one. 2010; 5(10).

Polley HW, Isbell FI, Wilsey BJ. Plant functional traits improve diversity-based predictions of temporal
stability of grassland productivity. Oikos. 2013; 122(9):1275-1282.

Gross K, Cardinale BJ, Fox JW, Gonzalez A, Loreau M, Polley HW, et al. Species richness and the tem-
poral stability of biomass production: a new analysis of recent biodiversity experiments. The American
Naturalist. 2014; 183(1):1-12. https://doi.org/10.1086/673915 PMID: 24334731

Haughey E, Suter M, Hofer D, Hoekstra NJ, McElwain JC, Lischer A, et al. Higher species richness
enhances yield stability in intensively managed grasslands with experimental disturbance. Scientific
reports. 2018; 8(1):1-10. https://doi.org/10.1038/s41598-017-17765-5

Kattge J, Diaz S, Lavorel S, Prentice IC, Leadley P, Bonisch G, et al. TRY — a global database of plant
traits. Global Change Biology. 2011; 17(9):2905-35.

Plantureux S, Amiaud B. e-FLORA-sys, a website tool to evaluate the agronomical and environmental
value of grasslands. In Proc. of the 23th General Meeting of the European Grassland Federation. Kiel,
Germany. 2010;29:732-734.

Wright IJ et al. The worldwide leaf economics spectrum. Nature. 2004; 428(6985):821-827. https://doi.
org/10.1038/nature02403 PMID: 15103368

PLOS ONE | https://doi.org/10.1371/journal.pone.0236546  July 28, 2020 18/19


https://doi.org/10.1038/s41467-018-07882-8
https://doi.org/10.1111/2041-210X.13171
http://www.ncbi.nlm.nih.gov/pubmed/31244986
https://doi.org/10.1111/j.1461-0248.2011.01640.x
https://doi.org/10.1111/j.1461-0248.2011.01640.x
http://www.ncbi.nlm.nih.gov/pubmed/21679289
https://doi.org/10.1126/science.1116681
https://doi.org/10.1126/science.1116681
http://www.ncbi.nlm.nih.gov/pubmed/16284171
https://doi.org/10.1038/nature16524
http://www.ncbi.nlm.nih.gov/pubmed/26760203
https://doi.org/10.1073/pnas.1413650112
http://www.ncbi.nlm.nih.gov/pubmed/25561561
https://doi.org/10.1126/science.1187820
http://www.ncbi.nlm.nih.gov/pubmed/20508088
https://doi.org/10.1086/673915
http://www.ncbi.nlm.nih.gov/pubmed/24334731
https://doi.org/10.1038/s41598-017-17765-5
https://doi.org/10.1038/nature02403
https://doi.org/10.1038/nature02403
http://www.ncbi.nlm.nih.gov/pubmed/15103368
https://doi.org/10.1371/journal.pone.0236546

PLOS ONE

Confronting a grassland model with empirical data

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.

92,

93.

94,

95.

96.

97.

Kleyer M et al. The LEDA Traitbase: a database of life-history traits of the Northwest European flora.
Journal of ecology. 2008; 96(6):1266—1274.

Sakschewski B, von Bloh W, Boit A, Poorter L, Pena-Claros M, Heinke J, et al. Resilience of Amazon
forests emerges from plant trait diversity. Nature Clim Change. 2016; 6(11):1032—-6.

Crawford M, Jeltsch F, May F, Grimm V, Schlagel UE. Intraspecific trait variation increases species
diversity in a trait-based grassland model. Oikos. 2019; 128(3):441-455.

Bohn K, Dyke JG, Pavlick R, Reineking B, Reu B, Kleidon A. The relative importance of seed competi-
tion, resource competition and perturbations on community structure. Biogeosciences. 2011; 8
(5):1107—-20.

Bohn FJ, Huth A. The importance of forest structure to biodiversity—productivity relationships. Royal
Society Open Science. 2017; 4(1):art. 160521.

Morin X, Fahse L, Scherer-Lorenzen M, Bugmann H. Tree species richness promotes productivity in
temperate forests through strong complementarity between species. Ecology Letters. 2011; 14
(12):1211-9. https://doi.org/10.1111/.1461-0248.2011.01691.x PMID: 21955682

Levin SA. The problem of pattern and scale in ecology: the Robert H. MacArthur award lecture. Ecology
1992; 73(6), 1943-1967.

Zelnik Y, Arnoldi JF, Loreau M. The impact of spatial and temporal dimensions of disturbances on eco-
system stability. Frontiers in ecology and evolution 2018; 6, 224. https://doi.org/10.3389/fevo.2018.
00224 PMID: 30788343

Butler EE et al. Mapping local and global variability in plant trait distributions. Proceedings of the
National Academy of Sciences. 2017; 114(51):E10937-E10946.

Knyazikhin Y, Glassy J, Privette JL, Tian Y, Lotsch A, Zhang Y, et al. MODIS Leaf Area Index (LAI) and
Fraction of Photosynthetically Active Radiation Absorbed by Vegetation (FPAR) Product (MOD15)
Algorithm Theoretical Basis Document Version 4.0. 1999 1999. Report No.

Schmidtlein S, Tichy L, Feilhauer H, Faude U. A brute-force approach to vegetation classification. Jour-
nal of Vegetation Science. 2010; 21(6):1162-71.

Griffiths P, Nendel C, Hostert P. Intra-annual reflectance composites from Sentinel-2 and Landsat for
national-scale crop and land cover mapping. Remote sensing of environment 2019; 220, 135-151.

Xu X, Conrad C, Doktor D. Optimising Phenological Metrics Extraction for Different Crop Types in Ger-
many Using the Moderate Resolution Imaging Spectrometer (MODIS). Remote Sensing 2017, 9, 254.

Griffiths P, Nendel C, Pickert J, Hostert P. Towards national-scale characterization of grassland use
intensity from integrated Sentinel-2 and Landsat time series. Remote Sensing of Environment
2019;111124.

Preidl S, Lange M, Doktor D. Introducing APiC for regionalised land cover mapping on the national
scale using Sentinel-2A imagery. Remote Sensing of Environment 2020; 240:111673.

Fauvel M, Lopes M, Dubo T, Rivers-Moore J, Frison PL, Gross N, et al. Prediction of plant diversity in
grasslands using Sentinel-1 and-2 satellite image time series. Remote Sensing of Environment. 2020;
237:111536.

Haddad NM, Holyoak M, Mata TM, Davies KF, Melbourne BA, Preston K. Species’ traits predict the
effects of disturbance and productivity on diversity. Ecology Letters. 2008; 11(4):348-56. https://doi.
org/10.1111/.1461-0248.2007.01149.x PMID: 18201199

Shugart HH, Asner GP, Fischer R, Huth A, Knapp N, Le Toan T, et al. Computer and remote-sensing
infrastructure to enhance large-scale testing of individual-based forest models. Frontiers in Ecology and
the Environment. 2015; 13(9):503-11.

Hansen MC, Potapov PV, Moore R, Hancher M, Turubanova SA, Tyukavina A, et al. High-resolution
global maps of 21st-century forest cover change. Science. 2013; 342(6160):850-3. https://doi.org/10.
1126/science.1244693 PMID: 24233722

Fischer R, Knapp N, Bohn F, Shugart HH, Huth A. The relevance of forest structure for biomass and
productivity in temperate forests: New perspectives for remote sensing. Surveys in Geophysics. 2019;
(in press).

Knapp N, Fischer R, Huth A. Linking lidar and forest modeling to assess biomass estimation across
scales and disturbance states. Remote Sensing of Environment. 2018; 205:199-209.

PLOS ONE | https://doi.org/10.1371/journal.pone.0236546  July 28, 2020 19/19


https://doi.org/10.1111/j.1461-0248.2011.01691.x
http://www.ncbi.nlm.nih.gov/pubmed/21955682
https://doi.org/10.3389/fevo.2018.00224
https://doi.org/10.3389/fevo.2018.00224
http://www.ncbi.nlm.nih.gov/pubmed/30788343
https://doi.org/10.1111/j.1461-0248.2007.01149.x
https://doi.org/10.1111/j.1461-0248.2007.01149.x
http://www.ncbi.nlm.nih.gov/pubmed/18201199
https://doi.org/10.1126/science.1244693
https://doi.org/10.1126/science.1244693
http://www.ncbi.nlm.nih.gov/pubmed/24233722
https://doi.org/10.1371/journal.pone.0236546

