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Contents
List of Figures vi

List of Tables xi

List of Abbreviations xii

Zusammenfassung xiii

Summary xvi

1 General introduction 1

1.1 Managed grasslands: An overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.1.1 The role of managed grasslands for food security and the environment . . . . . 1

1.1.2 Managed grasslands under climate change . . . . . . . . . . . . . . . . . . . . 2

1.1.3 Modelling managed grasslands at large spatial scales . . . . . . . . . . . . . . 4

1.1.4 Functional diversity of managed grasslands . . . . . . . . . . . . . . . . . . . 4

1.2 Functional traits and ecological strategies . . . . . . . . . . . . . . . . . . . . . . . . 6

1.2.1 Functional trait relationships . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

1.2.2 The CSR theory . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

1.3 The LPJmL model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

1.3.1 General model description . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

1.3.2 The managed grassland module . . . . . . . . . . . . . . . . . . . . . . . . . 10

1.3.3 LPJmL-CSR . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

1.4 Research justification and objectives . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

1.5 Thesis outline . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

1.6 References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

2 Do details matter? Disentangling the processes related to plant species inter-

actions in two grassland models of different complexity 24

2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

2.1.1 Drivers of grassland dynamics . . . . . . . . . . . . . . . . . . . . . . . . . . 25

2.1.2 Plant species richness . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

2.1.3 Biogeochemical models . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

2.1.4 Model intercomparison studies . . . . . . . . . . . . . . . . . . . . . . . . . . 28

2.1.5 Research question . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

i



Contents

2.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

2.2.1 Model description . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

2.2.2 Site and scenario description . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

2.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

2.3.1 Model calibration and evaluation . . . . . . . . . . . . . . . . . . . . . . . . . 38

2.3.2 Aboveground biomass dynamics and resource competition . . . . . . . . . . . 39

2.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

2.4.1 Above-ground biomass seasonality . . . . . . . . . . . . . . . . . . . . . . . 46

2.4.2 Species interaction and community assembly . . . . . . . . . . . . . . . . . . 49

2.4.3 Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51

2.4.4 Fields of model development . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

2.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

2.6 References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56

3 Connecting competitor, stress-tolerator and ruderal (CSR) theory and Lund

Potsdam Jena managed Land 5 (LPJmL 5) to assess the role of environmen-

tal conditions, management and functional diversity for grassland ecosystem

functions 64

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65

3.1.1 The role of environmental conditions and management for grassland vegetation

and SOC storage . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66

3.1.2 Functional diversity and ecological strategies . . . . . . . . . . . . . . . . . . 67

3.1.3 Modelling ecosystem functions of permanent grasslands . . . . . . . . . . . . 68

3.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68

3.2.1 Overview of managed grassland representations in LPJmL . . . . . . . . . . . 69

3.2.2 Site description . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

3.2.3 Model development . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71

3.2.4 Defining the C, S and R PFTs . . . . . . . . . . . . . . . . . . . . . . . . . . 74

3.2.5 Modelling protocol . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80

3.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 81

3.3.1 Evaluation of new PFTs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82

3.3.2 Comparison of parameterisations between sites and different management in-

tensities . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85

3.3.3 Effects of resource limitation . . . . . . . . . . . . . . . . . . . . . . . . . . . 86

3.3.4 Community composition . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89

ii



Contents

3.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 91

3.4.1 Forage offtake, SOC and community composition under different management

and resource limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 91

3.4.2 Stress and disturbance gradients across sites and management . . . . . . . . . 96

3.4.3 Limitations and further need for research . . . . . . . . . . . . . . . . . . . . 98

3.5 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 101

3.6 References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 102

4 Biological nitrogen fixation of natural and agricultural vegetation simulated

with LPJmL 5.7.9 109

4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 110

4.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 112

4.2.1 Model description . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 112

4.2.2 BNF-relevant nitrogen cycle components in LPJmL . . . . . . . . . . . . . . . 113

4.2.3 The C-costly approach . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 113

4.2.4 Modelling protocol . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 115

4.2.5 Model evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 116

4.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 117

4.3.1 Comparison of the BNF approaches . . . . . . . . . . . . . . . . . . . . . . . 117

4.3.2 Effects on the nitrogen and carbon cycle and productivity . . . . . . . . . . . . 121

4.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 124

4.5 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 128

4.6 References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 129

5 Global grassland productivity and carbon storage benefit from functional di-

versity already under moderate climate change 134

5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 135

5.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 138

5.2.1 LPJmL-CSR . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 138

5.2.2 Calibration and evaluation data . . . . . . . . . . . . . . . . . . . . . . . . . . 139

5.2.3 Model calibration and evaluation . . . . . . . . . . . . . . . . . . . . . . . . . 142

5.2.4 Modelling protocol . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 143

5.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 145

5.3.1 Evaluation of model performance . . . . . . . . . . . . . . . . . . . . . . . . 145

5.3.2 Global productivity and SOC stocks under climate change . . . . . . . . . . . 148

iii



Contents

5.3.3 Spatial patterns of productivity and SOC stocks at the end of the century . . . . 151

5.3.4 Representative example regions . . . . . . . . . . . . . . . . . . . . . . . . . 153

5.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 156

5.4.1 Highlights and limits of LPJmL-CSR . . . . . . . . . . . . . . . . . . . . . . 156

5.4.2 The role of functional diversity . . . . . . . . . . . . . . . . . . . . . . . . . . 158

5.5 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 159

5.6 References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 160

6 General discussion 167

6.1 The contribution of grassland functional diversity to forage supply, soil organic carbon

stocks and food security . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 168

6.2 Implications for the dual challenge: biodiversity loss and climate change . . . . . . . . 171

6.3 Advantages and disadvantages of using LPJmL-CSR to assess functional diversity . . . 173

6.4 Overall conclusion and future outlook . . . . . . . . . . . . . . . . . . . . . . . . . . 175

6.5 References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 176

A Supplementary information for Chapter 2: ”Do details matter? Disentangling

the processes related to plant species interactions in two grassland models of

different complexity” i

A.1 Information on empirical data, input parameter and calibration of the grassland models

GRASSMIND and LPJmL . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . i

A.2 Model parameterization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ii

A.3 Model Calibration . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . vii

A.4 Model evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . x

A.5 Competition related processes of GRASSMIND and LPJmL . . . . . . . . . . . . . . xix

A.6 Additional Figures Baseline Mow and NoMow . . . . . . . . . . . . . . . . . . . . . xxii

A.7 Additional Figures ModD Mow and ExtrD Mow . . . . . . . . . . . . . . . . . . . . xl

A.8 Additional Figures Baseline , ModD and ExtrD Mow and NoMow . . . . . . . . . . . xlv

A.9 References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xlviii

B Supplementary information for Chapter 3: ”Connecting competitor stress-tolerator

and ruderal (CSR) theory and Lund Potsdam Jena managed Land 5 (LPJmL 5)

to assess the role of environmental conditions management and functional di-

versity for grassland ecosystem functions” l

B.1 Model description . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . l

B.2 MSE components . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . liv

iv



Contents

B.3 Additional figures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . liv

B.4 Additional tables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . lxviii

B.5 Model development . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . lxviii

B.6 Input data and parameters . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . lxix

B.7 R packages . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . lxxii

B.8 References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . lxxiii

C Supplementary information for Chapter 4: ”Biological nitrogen fixation of nat-

ural and agricultural vegetation simulated with LPJmL 5.7.9.” lxxvi

C.1 Nitrogen demand and uptake . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . lxxvi

C.2 Spin-up simulation carbon stocks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . lxxviii

C.3 Additional figures and tables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . lxxix

C.4 References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . lxxxix

D Supplementary information for Chapter 5: ”Global grassland productivity and

carbon storage benefit from functional diversity already under moderate cli-

mate change” xci

D.1 Additional figures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xci

D.2 References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . cviii

Acknowledgements cix

v



List of Figures
1.1 Ternary plot visualising the CSR theory. Main strategies (C, S and R) are displayed at

the nodes of the triangle. Environmental conditions that lead to the emergence of differ-

ent strategies are shown as the stress (blue) and disturbance (red) gradients. Intermediate

strategies can be positioned anywhere within the triangle. . . . . . . . . . . . . . . . . 9

2.1 Processes and plant compartments simulated in GRASSMIND and LPJmL (see Fig. A.1

for an individual representation of each model) . . . . . . . . . . . . . . . . . . . . . 31

2.2 Simulated and observed AGB in gDMm−2 for P. pratensis (a), P. lanceolata (b), F.

pratensis (c) and F. rubra (d) for GRASSMIND (red) and LPJmL (blue). Coloured lines

and labels show model results and RMSE, grey points show observations used for the

evaluation. Observations are the median of samples for each date and error bars show

one standard deviation. If three or less observations were available all observations were

plotted and their range indicated with a line. Outliers are highlighted with labels and

arrows. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

2.3 Mean (µ) AGB in gDMm−2 for GRASSMIND (red) and LPJmL (blue) averaged over

all simulation years for each day of the year for monocultures (a,b,c,d) and two-species

mixtures (e,f,g,h,i,j). For mixtures total AGB (top) and species specific AGB (bottom)

are shown separately. Coloured ribbons show µ± σ. . . . . . . . . . . . . . . . . . . 41

2.4 Normalized parameter values for GRASSMIND (red) and LPJmL (blue) for parameters

important for species competition. Full circles show parameters which are not compa-

rable between the two models and half circles show parameters used similarly in both

models. The different species are ranked by competitiveness with the label size, ranging

from most competitive (large) to least competitive (small). . . . . . . . . . . . . . . . 43

2.5 Simulated and observed (Fischer et al., 2019) fractional soil water content at the Jena

Experiment site (a), relative changes of soil water content in m3m−3 (b), absolute

changes of soil water content in m3m−3 as well as daily precipitation in mm with re-

duction for ModD (light grey) and ExtrD (light and dark grey) (c), absolute changes in

AGB (d) in gDMm−2 and relative changes in transpiration (e) caused by the moder-

ate (dotted) and extreme (dashed) droughts for LPJmL (blue) and GRASSMIND (red).

Simulation results of mixture of P. pratensis and F. pratensis using observed weather

data (a) and average climate (b-e). . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

vi



List of Figures

2.6 Mean (µ) AGB in gDMm−2 for GRASSMIND (red) and LPJmL (blue) for the sum

of the two-species mixture of P. pratensis and F. pratensis (a). Coloured ribbons show

µ± σ. Horizontal lines show overall mean for Baseline Mow (dot-dashed) and Base-

line NoMow (solid). Difference between Baseline Mow and ModD Mow (dot-dashed)

and ModD NoMow (solid, b) and ExtrD Mow (dot-dashed) and ExtrD NoMow (solid,

c) between April and October of the drought year. . . . . . . . . . . . . . . . . . . . . 46

3.1 Stress (blue) and disturbance (red) gradient and associated traits and their hierarchy

(low, in between and high). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77

3.2 Mean square error (MSE) for the different management scenarios (x axis) for forage off-

take/leaf biomass in Mg DM ha−1 yr−1, SOC in Mg DM ha−1 yr−1 and FPC (columns,

left to right) for the temperate grassland, hot steppe and cold steppe (rows, top to bot-

tom). For forage offtake/leaf biomass and SOC, MSEs for the old (LPJmL 5) and new

(LPJmL-CSR) model version are shown. For FPC, MSEs are shown for each PFT sep-

arately for LPJmL-CSR before and after the calibration. The colours separate the MSE

into three components: the bias (grey) showing the systematic error for each variable;

the phase (yellow), showing the temporal shift against observations; and the variance

(blue), which is the random error not attributable to bias and phase compared to obser-

vations. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83

3.3 Spiderplots of normalised parameter values after calibration for each site (columns) and

management scenario (rows). The centre and the edge represent the low and high ends

of the stress (black labels) and disturbance (grey labels) gradients. The colours of the

points distinguish the three PFTs. The tables show the mean of normalised parameter

values for each PFT and the two trade-off dimensions. . . . . . . . . . . . . . . . . . . 84

3.4 Simulated forage offtake/leaf biomass (a, b, c) and SOC (d, e, f) for all sites, manage-

ment levels and resource limitation scenarios. Bars show the annual forage offtake and

coloured segments the forage offtake for each cut/month. Line colours differ between

rainfed (prevailing conditions, black), rainfed fertilised (red) and irrigated unfertilised

(blue), while line types show the grazing management intensity as low (ungrazed/C0 or

extensively grazed/S1, solid) and high (grazed/C1 or intensively grazed/S6, dashed). . 87

3.5 Ternary plots of the share of standing aboveground biomass of the C, S and R PFTs

for the temperate grassland (a), the ungrazed (b) and grazed hot steppe (c), and the ex-

tensively (d) and intensively (e) grazed cold steppe. Colours differ between the rainfed

(red), irrigated (blue) and fertilised (green) scenarios. Points with a black border show

the mean composition of the time series. . . . . . . . . . . . . . . . . . . . . . . . . . 90

vii



List of Figures

4.1 Dimensionless temperature limitation function fT (T ) (a) and soil water limitation func-

tion fW(SWC) (b). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 114

4.2 Evaluation against global (a) and site-specific data (b, c). Global evaluation plot inspired

by Davies-Barnard and Friedlingstein (2020) showing global BNF (in TgN yr−1) from

different studies (black) compared to the Original (red) and C-costly (blue) BNF ap-

proach implemented in LPJmL. Studies are labelled by author names and whether they

consider potential natural vegetation (PNV), actual natural vegetation (NV) or actual

land use (LU). We assigned the Davies-Barnard and Friedlingstein (2020) data to the

LU category because they consider cropland area as grasslands and not as potential

forest areas. Percentage values give the overlap between the ranges of the simulation

results and the literature estimates derived using Eq. (4.9). Simulated values are the

median between 2001 and 2010, and the ranges show the minimum and maximum.

Site-specific evaluation (b, c) comparing data from observations for soybean (green)

and pulses (blue) for rainfed (RF) (circle) and irrigated (IR) (triangle) experiment and

simulation results is shown using the Original (b) and C-costly (c) BNF approaches.

Labels show the RMSE of the two approaches. . . . . . . . . . . . . . . . . . . . . . 118

4.3 Simulated average annual BNF (in gN m−2 yr−1) for the years 2001 to 2010 using

the Original (a) and C-costly (b) approaches. The average (line) and 5th to 95th per-

centiles (shading) of simulated and observed BNF per latitude (in gN m−2 yr−1), using

the Original (red) and C-costly (blue) approaches and data from Davies-Barnard and

Friedlingstein (2020) (DBF), are shown (c). . . . . . . . . . . . . . . . . . . . . . . . 119

4.4 Global terrestrial N balance. Scenarios include the Original approach, the C-costly ap-

proach for natural vegetation and actual land use. Net balance is denoted by the black

line. N inputs include N from manure, synthetic fertiliser deposition, PFT establish-

ment (Estab) and BNF. N losses include leaching, volatilisation, N2 emissions, fire N,

harvested N, land-use change emissions (deforestation and product turnover) and N2O

emissions from nitrification and denitrification. . . . . . . . . . . . . . . . . . . . . . 122

5.1 Overview of processing steps to prepare the calibration data and selection of grid cell

subset for calibration. All data have a global coverage and a 0.05◦ by 0.05◦ resolution.

Coloured boxes highlight preprocessing input (blue), temporal data of intermediate steps

(white) and output data (red). Arrows show the information flow from input to output

data and numbers reference specific steps described in 5.2.2 and 5.2.3 . . . . . . . . . 140

viii



List of Figures

5.2 Boxplots (a,c), density plot (b) and latitudinal averages (d) of the difference between

simulated and observed annual (a) and monthly (b) GPP between 2000 and 2016 and

annual FPC (c,d) data for the parameter set before (prior, blue) and after (best, red) the

calibration. For the latitude plot, lines show the differences to the 2000 to 2016 average

of simulation results and shaded areas show the 5th to 95th percentiles. . . . . . . . . . 146

5.3 Time series of global total GPP (a), PFT-specific GPP (b), dry matter intake (c) and

SOC stocks (d) from 1901 until 2100. Panels a,c and d show historical data (purple,

dashed) and projections for RCP 2.6 (yellow) and 7.0 (lightblue) for the FD+ (solid)

and FD- (dotted) scenarios. Grassland areas are shown in panel a (dot-dashed). For

the PFT-specific GPP, different scenarios (FD- and FD+) and SSPs (2.6 and 7.0) are

shown in separate panels and colors distinguish the C- (darkblue), S- (red) and R-PFT

(darkgreen). Lines show the median and shaded areas the 5th to 95th percentile across

five GCMs. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 149

5.4 Global distribution of gross primary production (GPP) and soil organic carbon (SOC)

dependent on functional diversity. Left panels show the average GPP for the scenarios

(a) FD+, (b) FD- and (c) their difference, i.e. the net effect of a higher functional di-

versity. Right panels (b,d,f) show the respective results for SOC. All distributions show

the 2091 to 2100 average of the respective output variable simulated using climate data

from the MRI-ESM2-0. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 150

5.5 Global distribution of PFT-specific gross primary production (GPP) and foliage projec-

tive cover (FPC) dependent on functional diversity. All panels show the relative change

between FD+ and FD- i.e. the net effect of a higher functional diversity. From left

to right, panels show the distribution for the C- (a,d,g), S- (b,e,h) and R-PFTs (c,f,i).

The first (a,b,c) and third (g,h,i) rows show the distribution using all PFTs present in

FD+. The second row (d,e,f) shows the distribution using only the dominant PFT in

FD+. Similar values (difference of 0) are shown in green, while white areas in d-f are

grid cells in which the respective PFT is not dominant and no value is available. All

distribution show the 2091 to 2100 average of the respective output variable simulated

using climate data from the MRI-ESM2-0. . . . . . . . . . . . . . . . . . . . . . . . . 151

5.6 Locations of the three example regions Uganda and South Sudan (blue), Germany (yel-

low) and North and South Carolina (red). . . . . . . . . . . . . . . . . . . . . . . . . 153

ix



List of Figures

5.7 Distribution of the relative change between FD+ and FD- for gross primary production

(GPP, a,d,g) and soil organic carbon (SOC, b,e,h) and the absolute change of the num-

ber of PFT present (c,f,i) dependent on functional diversity for the three example regions

(Uganda and South Sudan, Germany and North and South Carolina). From top to bot-

tom, the rows show the data for Uganda and South Sudan (a,b,c), Germany (d,e,f) and

North and South Carolina (g,h,i). From left to right, columns show the relative change

in GPP (a,d,g) and SOC (b,e,h) and the absolute change in the number of PFTs (c,f,i).

All distributions are based on the 2091 to 2100 average of the respective output variable

simulated using climate data from the MRI-ESM2-0. . . . . . . . . . . . . . . . . . . 154

x



List of Tables
2.1 Simulation scenario names, environmental conditions and management . . . . . . . . 37

3.1 Overview of the environmental conditions and management of the investigated grasslands. 71

3.2 Parameter names, units, ranges, associated CSR gradient(s) and the hierarchy of the

parameters for the C, S and R PFTs. . . . . . . . . . . . . . . . . . . . . . . . . . . . 78

3.3 Variables used for parameterisation (para) and evaluation (eval) of the new PFTs at the

study sites . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79

3.4 Scenario names and management (mowing/grazing intensity, irrigation, fertilisation)

used for the simulations at the Lindhof (temperate grassland), Syferkuil (hot steppe)

and Xilin (cold steppe) sites. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 81

4.1 BNF-related PFT-specific parameter values for the tropical broadleaved evergreen tree

(TrBE), tropical broadleaved raingreen tree (TrBR), temperate needleleaved evergreen

tree (TeNE), temperate broadleaved evergreen tree (TeBE), temperate broadleaved sum-

mergreen tree (TeBS), boreal needleleaved evergreen tree (BoNE), boreal broadleaved

summergreen tree (BoBS), boreal needleleaved summergreen tree (BoNS), tropical herba-

ceous (TrH), temperate herbaceous (TeH), polar herbaceous (PoH), soybean and pulses. 115

4.2 N balance values for 2001 to 2010 shown in the figures. LUC (land-use change) includes

deforestation emissions, product turnover and negative N fluxes. . . . . . . . . . . . . 123

5.1 PFT-specific minimum, maximum default and optimised values for calibrated parameters.144

xi



List of Abbreviations
◦C Degree Celsius

BNF Biological Nitrogen Fixation

C Competitive

CH4 Methane

CO2 Carbon dioxide

CSR Competitor, Stress-tolerator, Ruderal

DGVM Dynamic Global Vegetation Model

GPP Gross Primary Productivity

GRASSMIND Grassland Individual-based Dynamic Model

IBC-grass Individual-Based plant Community-grass

LAI Leaf Area Index

LL Leaf Longevity

LPJ-GUESS Lund-Potsdam-Jena General Ecosystem Simulator

LPJmL Lund-Potsdam-Jena managed Land

LPJmL-CSR Lund-Potsdam-Jena managed Land Competitor, Stress-Tolerator, Rud-

eral

LPJmL-FIT Lund-Potsdam-Jena managed Land - Flexible Individual Traits

MAgPIE Model of Agricultural Production and its Impacts on the Environment

Mha Mega hectares

N2O Nitrous oxide

NPP Net Primary Productivity

PFT Plant Functional Type

R Ruderal

S Stress-tolerant

SDG Sustainable Development Goal

SLA Specific Leaf Area

SOC Soil Organic Carbon

TgCO2eq yr-1 Teragrams of carbon dioxide equivalent per year

xii



Zusammenfassung
Bewirtschaftetes Grünland bedeckt einen erheblichen Teil der globalen Landoberfläche in verschiede-

nen Klimazonen. Gleichzeitig trägt es zur Nahrungs-/Existenzgrundlage vieler Menschen sowie zur

Ernährungssicherheit durch die Produktion von Wiederkäuerfleisch und Milchprodukten bei. Die Pro-

duktivität — und damit die Tragfähigkeit für Vieh — von bewirtschaftetem Grünland hängt von den

klimatischen Bedingungen und der Bewirtschaftung sowie der funktionalen Diversität der Pflanzen-

bestände ab. Während die funktionale Diversität durch klimatische Bedingungen und Bewirtschaftung

beeinflusst wird, spielt sie auch eine direkte Rolle für die Produktivität des Ökosystems. Die Rolle der

funktionalen Diversität wurde anhand von Feldversuchen und -beobachtungen umfassend untersucht.

Diese Forschung hat gezeigt, dass funktionale Diversität die Anpassungsfähigkeit von bewirtschaftetem

Grünland an den Klimawandel stärkt und dessen essenzielle Ökosystemdienstleistungen fördert. Dies

ist wichtig, da der projizierte Klimawandel zahlreiche Ökosystemdienstleistungen von bewirtschaftetem

Grünland beeinflussen wird.

Während funktionale Diversität in kleinräumlichen Computermodellen explizit berücksichtigt wird,

fehlt eine entsprechende Darstellung in globalen Modellen. Allerdings sind globale Modelle — wie bei-

spielsweise Dynamische Globale Vegetationsmodelle (DGVMs) — weit verbreitet, um die Auswirkun-

gen des Klimawandels auf die Vegetation zu bewerten. Um die Projektionen der Ökosystemdienstleistun-

gen von bewirtschaftetem Grünland verbessern zu können, ist es von großer Bedeutung, die Rolle der

funktionalen Diversität in Modellen abzubilden. Die Hauptziele dieser Dissertation sind: (1) die Iden-

tifizierung wesentlicher Modellentwicklungsbereiche, um die funktionale botanische Diversität von be-

wirtschaftetem Grünland in einem DGVM abzubilden (Kapitel 2), (2) die Beschreibung der Implemen-

tierung notwendiger Modelländerungen (Kapitel 3 und 4) und (3) die Bewertung der Rolle von funktio-

naler Diversität für die Produktivität und den organischen Bodenkohlenstoffspeicher von bewirtschafte-

tem Grünland auf lokaler und globaler Skala (Kapitel 3 und 5) sowie unter Klimawandelbedingungen

(Kapitel 5).

Um zentrale Bereiche der Modellentwicklung zu identifizieren, wurde das Lund-Potsdam-Jena ma-

naged Land (LPJmL)-Modell mit dem individuenbasierten Grassland Individual-based Dynamic Mo-

del (GRASSMIND) verglichen. Für diesen Vergleich wurden mit beiden Modellen Monokulturen und

Pflanzengemeinschaften mit bis zu vier Arten des Jena Experiments, einem bekannten Biodiversitätsex-

periment, simuliert. Die simulierten Szenarien umfassten verschiedene Niederschlagsniveaus sowohl

mit als auch ohne Mahd. Eine detaillierte Analyse der Prozessabbildungen in LPJmL und GRASSMIND

wurde durchgeführt, um die Stärken und Schwächen der Modelle hinsichtlich der Simulation artenrei-

cher Pflanzengemeinschaften zu bewerten. Die Ergebnisse zeigen, dass die Simulationsergebnisse bei-

der Modelle moderat mit den Beobachtungen übereinstimmen. Sie heben jedoch auch die Notwendigkeit
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für Verbesserungen hervor, insbesondere bei der Abbildung von Zielkonflikten zwischen ökologischen

Strategien sowie der Konkurrenz um Ressourcen.

Auf Grundlage dieser Erkenntnisse beschreibt Kapitel 3 einen Ansatz zur Simulation der funktio-

nalen Diversität von bewirtschaftetem Grünland im LPJmL-Modell. Dieser basiert auf der Competitor,

Stress-Tolerant, Ruderal (CSR)-Theorie und funktionalen Pflanzeneigenschaften. Funktionale Pflanze-

neigenschaften können verwendet werden, um wichtige Zielkonflikte zwischen ökologischen Strategien

durch Beziehungen zwischen verschiedenen Pflanzeneigenschaften zu beschreiben. Die CSR-Theorie

ist ein bekanntes System zur Beschreibung ökologischer Strategien und wurde mit den Zielkonflikten

verknüpft, die durch die Beziehungen zwischen Pflanzeneigenschaften im globalen Spektrum der Pflan-

zenform und -funktion dargestellt werden. Durch die Nutzung dieser Verknüpfung kann das erweiter-

te LPJmL-CSR-Modell die funktionale Diversität von bewirtschaftetem Grünland unter verschiedenen

Klima- und Bewirtschaftungsbedingungen simulieren. Die Weiterentwicklung von LPJmL zu LPJmL-

CSR umfasst eine explizite Abbildung der im blattökonomischen Spektrum beschriebenen Beziehung

zwischen spezifischer Blattfläche und Blattlebensdauer, die getrennte Darstellung der ober- und unterir-

dischen Ressourcenverteilung und eine verbesserte Abbildung der Etablierung und Mortalität.

Zusätzlich zu diesen Entwicklungen wurde LPJmL um eine neue Darstellung der biologischen Stick-

stofffixierung erweitert (Kapitel 4). Diese Entwicklung berücksichtigt explizit die Bodentemperatur

und den Bodenwassergehalt als limitierende Faktoren der biologischen Stickstofffixierung sowie die

mit ihr verbundenen Respirationskosten. Hierdurch wird die Fähigkeit von LPJmL, die Dynamik des

Kohlenstoff- und Stickstoffkreislaufs zu simulieren, verbessert.

Zur Evaluierung von LPJmL-CSR wurden Simulationen für drei Grünlandstandorte mit unterschiedli-

chen Klima- und Bewirtschaftungsbedingungen durchgeführt. Diese ausgewählten Standorte umfassen

ein Grünland mit gemäßigtem Klima, eine heiße und eine kalte Steppe. Für die Standorte lagen je-

weils Beobachtungen zu Grünfutterentnahme, Blattbiomasse und/oder organischem Bodenkohlenstoff

für mehrere Bewirtschaftungsintensitäten vor. Um die Dynamik der Pflanzengemeinschaft zu bewer-

ten, wurden weitere Szenarien mit unterschiedlicher Ressourcenlimitierung simuliert. Im Vergleich zu

LPJmL erzeugte LPJmL-CSR verbesserte Simulationsergebnisse für alle untersuchten Variablen. Wei-

terhin bildete LPJmL-CSR zentrale Zielkonflikte zwischen ökologischen Strategien ab und simulierte

plausible Verschiebungen der Zusammensetzung der Pflanzengemeinschaft unter verschiedenen Res-

sourcenlimitierungen. Während diese Ergebnisse spezifisch für die untersuchten Standorte sind, zeigen

sie den Erfolg der Modellentwicklung von LPJmL-CSR und ermöglichen eine Bewertung auf globaler

Skala (Kapitel 5).

Um eine global anwendbare Version von LPJmL-CSR zu entwickeln, wurde das Modell gegen hi-

storische Daten zur Bruttoprimärproduktion (BPP) und den CSR-Anteilen von Pflanzengemeinschaften

kalibriert. Anschließend wurden mehrere Simulationsexperimente durchgeführt, um die BPP und den
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organischen Bodenkohlenstoffspeicher bis 2100 unter der Annahme von niedriger oder hoher funktiona-

ler Diversität sowie unter moderatem und stärkerem Klimawandel zu bewerten. Die Simulationsergeb-

nisse heben die Bedeutung von funktionaler Diversität für die BPP und den organischen Bodenkohlen-

stoffspeicher bereits unter moderatem Klimawandel hervor. Das Szenario mit niedriger funktionaler Di-

versität, in dem die Anpassungsfähigkeit der Pflanzengemeinschaft unterdrückt wurde, projizierte deut-

lich geringere globale BPP und organische Bodenkohlstoffspeicher. Allerdings zeigten die räumlichen

Muster regional substanzielle Unterschiede und manche Gebiete wiesen eine erhöhte BPP sowie höhere

organische Bodenkohlenstoffspeicher bei niedriger funktionaler Diversität auf. Eine detaillierte Auswer-

tung von drei Beispielregionen — Uganda und Südsudan (Afrika), Deutschland (Europa) und North und

South Carolina (Nordamerika) — zeigte, dass die tieferliegenden Gründe für die Unterschiede zwischen

den Szenarien mit niedriger und hoher Diversität sowohl vom initialen als auch vom zukünftigen Klima

abhängen. Die Ergebnisse von LPJmL-CSR sind im Einklang mit empirischen Erkenntnissen und beto-

nen die Bedeutung von funktionaler Diversität für die Anpassung von Grünlandpflanzengemeinschaften

an den Klimawandel.

Zusammenfassend führt diese Dissertation einen neuen Ansatz zur Simulation funktionaler Diver-

sität von bewirtschaftetem Grünland in DGVMs ein. Dies ist entscheidend, um die Projektionen der

Ökosystemdienstleistungen bewirtschafteten Grünlands unter Klimawandel zu verbessern. Die Ergeb-

nisse demonstrieren, dass funktionale Diversität zur Produktivität und zum Bodenkohlenstoffspeicher

bewirtschafteten Grünlands beiträgt und so zum Beispiel Effekte der durch Überbeweidung verursach-

ten Einschränkung der Ernährungssicherheit und Kohlenstoffsequestrierung in Grünlandböden abbilden

kann. Obwohl Feldexperimente diesen Zusammenhang bereits etabliert haben, bietet die Simulation

funktionaler Diversität auf globaler Skala eine neue Perspektive, um die komplexen Interaktionen zwi-

schen Klimabedingungen, Bewirtschaftung und funktionaler Diversität im bewirtschafteten Grünland

zu erfassen.

LPJmL-CSR hat somit das Potenzial, zukünftig zu mehreren Forschungsbereichen beizutragen. Er-

stens könnte LPJmL-CSR zur Entwicklung nachhaltiger Bewirtschaftungspraktiken unter verschiedenen

Klimawandelszenarien beitragen und somit politische Entscheidungsträger:innen über den Wert funktio-

naler Diversität informieren und einen Beitrag im Kampf gegen Biodiversitätsverlust leisten. Zweitens

betrachtet diese Dissertation die Rolle von funktionaler Diversität auf der Basis vorgeschriebener Sze-

narien. Allerdings sind Klimawandel und Biodiversitätsverlust eng verknüpft und zukünftige Forschung

sollte Rückkopplungsmechanismen untersuchen. Drittens projizieren Landnutzungsallokationsmodelle

die Veränderung von Grünlandflächen auf Basis der sozioökonomischen Entwicklung und des Klima-

wandels. Explizite Informationen über die Rolle funktionaler Diversität für bewirtschaftetes Grünland

könnten als zusätzliche Einschränkung bei der Reallokation von Landnutzung dienen und entsprechende

Projektionen verbessern.
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Summary
Managed grasslands occupy a substantial share of the terrestrial area across different climates and con-

tribute to many people’s livelihoods and food security through ruminant meat and dairy production.

The productivity — and in turn the livestock carrying capacity — of managed grasslands depends on

climatic conditions and management and plant functional diversity. While plant functional diversity is

shaped by climatic conditions and management, it also plays a direct role in the productivity of managed

grasslands. The role of functional diversity has been extensively studied through field experiments and

observations. This research has provided evidence that functional diversity supports essential ecosystem

services in managed grasslands and enhances their adaptation to climate change.

While functional diversity has been incorporated into computer models at small spatial scales, at

the global scale such a representation has been missing. However, global-scale models such as dy-

namic global vegetation models (DGVMs) are widely used to assess the impacts of climate change on

vegetation, and enabling DGVMs to simulate the role of functional diversity is crucial for improving

projections of ecosystem services in managed grasslands. Therefore, the main objectives of this thesis

were to: (1) identify important areas of model development needed to represent functional diversity in

managed grasslands in DGVMs (Chapter 2), (2) implement the necessary changes (Chapters 3 and 4)

and (3) to assess the role of functional diversity in grassland productivity and soil organic carbon (SOC)

stocks at the local and global scale (Chapters 3 and 5) and under climate change (Chapter 5).

To identify key areas for model development, the Lund-Potsdam-Jena managed Land (LPJmL) model

was compared with the Grassland Individual-based Dynamic Model (GRASSMIND). For this compar-

ison, both models were used to simulate monocultures and multi-species plant communities from the

Jena Experiment, a well-known biodiversity experiment. The simulated scenarios included varying lev-

els of precipitation both with and without mowing. An in-depth analysis of process representations

in LPJmL and GRASSMIND was conducted to assess each model’s strengths and weaknesses when

simulating multi-species communities. The results showed that both models moderately matched ob-

servations of monoculture and multi-species communities but also highlighted the need to improve the

representation of trade-offs between ecological strategies and competition for resources.

Based on these findings, Chapter 3 presents an approach to simulate the functional diversity of man-

aged grasslands in the LPJmL model incorporating the competitor, stress-tolerant, ruderal (CSR) the-

ory and functional traits. Functional plant traits describe key trade-offs between ecological strategies

through trait-trait relationships. The CSR theory is a well-known framework describing ecological

strategies and has been linked to the trade-offs described by the trait-trait relationships of the global

spectrum of plant form and function. Leveraging this connection, the extended LPJmL-CSR model can

simulate the functional diversity of managed grasslands across various climatic and management con-
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ditions. The main differences between LPJmL and LPJmL-CSR include an explicit representation of

the relationship between specific leaf area and leaf longevity as described by the leaf economic spec-

trum, the separation of above and belowground resource distribution and improved representations of

establishment and mortality.

In addition to these developments, a new representation of biological nitrogen fixation was introduced

in LPJmL (Chapter 4). This implementation explicitly accounts for soil temperature and soil water

content limitations on biological nitrogen fixation as well as its associated respiratory costs thereby

enhancing LPJmL’s ability to simulate the carbon and nitrogen cycle dynamics.

To evaluate LPJmL-CSR, simulation experiments were conducted at three grassland sites with dis-

tinct climatic and management conditions. The selected sites consisted of a temperate grassland, a hot

steppe and a cold steppe where observations of forage offtake, leaf biomass and/or SOC stocks for sev-

eral management intensities were available. Additional resource limitation scenarios were simulated to

assess community dynamics. Compared to LPJmL, LPJmL-CSR produced improved simulation results

for all investigated variables. Furthermore, LPJmL-CSR captured key trade-offs between ecological

strategies and simulated plausible shifts in community composition under varying resource limitations.

While these results were specific to the investigated sites, they highlighted the success of LPJmL-CSR’s

model development and enabled a global scale assessment (Chapter 5).

To develop a globally applicable version of LPJmL-CSR, the model was calibrated using historical

data on gross primary productivity (GPP) and CSR shares of plant communities. Subsequently, mul-

tiple simulation experiments were conducted to assess managed grassland GPP and SOC until 2100,

assuming either low or high functional diversity under moderate and more severe climate change. The

simulation results highlight the importance of functional diversity for managed grassland GPP and SOC

stocks, even under moderate climate change. The low functional diversity scenario, in which commu-

nity adaptation was suppressed, projected substantially lower global GPP and SOC stocks. However,

the spatial patterns reveal substantial regional differences and indicate that some areas exhibit increased

GPP and SOC stocks in the low functional diversity scenario. A detailed assessment of three example

regions — Uganda and South Sudan (Africa), Germany (Europe) and North and South Carolina (North

America) — showed that underlying reasons for differences between the high and low functional di-

versity scenarios depend on both initial and future climatic conditions. The results of LPJmL-CSR

align with empirical findings and emphasize the importance of functional diversity for the adaptation of

grassland communities to climate change.

In summary, this thesis introduces a novel approach to simulate the functional diversity of managed

grasslands in DGVMs, which is crucial for improving projections of managed grassland ecosystem

services under climate change. The results demonstrate that functional diversity contributes to man-

aged grassland productivity and SOC stocks and food security. While field experiments have already
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established this relationship, simulating the role of functional diversity at a global scale offers a new

perspective for disentangling the complex interactions between climatic conditions, management and

functional diversity in managed grasslands.

LPJmL-CSR has the potential to contribute to multiple research areas in the future. First, LPJmL-

CSR could be utilised to investigate sustainable management practices across various climate change

scenarios. These assessments could provide policymakers with insights into the value of functional

diversity and help to combat biodiversity loss. Second, this thesis includes only an assessment that

prescribes both low- and high-functional-diversity scenarios. However, climate change and biodiversity

loss are interconnected, and future research should examine feedback mechanisms between the two.

Third, land-use allocation models project changes in grassland areas based on socio-economic develop-

ment and climate change. Explicit information on the role of functional diversity in managed grasslands

could serve as an additional constraint in land-use reallocation to improve the respective projections.

xviii



Chapter 1

General introduction
1.1 Managed grasslands: An overview

Managed grasslands cover approximately 40.5% of the terrestrial Earth surface (excluding Greenland

and Antarctica) (Orwin et al., 2014; White et al., 2000) and contribute to the livelihoods of approxi-

mately one billion people (Suttie et al., 2005). Managed grasslands are areas dominated by herbaceous

vegetation across different climates (Gibson, 2008) that are subject to a multitude of management prac-

tices, livestock grazing being the most common (Bai and Cotrufo, 2022). Managed grasslands are highly

complex ecosystems providing a variety of ecosystem services, which can be exemplified by examining

only two variables— water availability and livestock density:

In humid climates, managed grasslands can produce large amounts of biomass for livestock feed,

sustaining high numbers of animals and supporting dairy or ruminant meat production (Smit et al.,

2008). However, too intensive management may lead to soil organic carbon (SOC) loss and long-term

degradation (McSherry and Ritchie, 2013). In dry climates, biomass production and animal numbers

are limited, rendering managed grasslands especially vulnerable to overgrazing (Li et al., 2018). At the

same time, livestock grazing is a primary source of income for farmers in dry climates as it is often the

only agricultural land use possible (Blench, 2001; Steinfeld et al., 2006). Including additional variables

such as temperature, nutrient availability or the vegetation composition increases the complexity (Li et

al., 2018) but is necessary to identify sustainable management options. These management options are

needed to ensure the continued contribution of managed grasslands to food security and support climate

change mitigation and facilitate adaptation to its impacts (Reid et al., 2004; Soussana et al., 2014).

1.1.1 The role of managed grasslands for food security and the environment

Managed grasslands are primarily used as a source of feed for ruminant livestock and contribute to the

production of protein-rich food products such as ruminant meat and dairy (Herrero et al., 2013a; Herrero

et al., 2013b). Their role in food security varies across world regions and depends on the local context

(O’Mara, 2012; Peyraud and Peeters, 2016). Food security generally encompasses four dimensions:

availability, access, utilisation and the stability of these three dimensions (World Food Summit, 1996).

While this thesis only investigates the availability and stability dimensions, I provide a brief overview

of the status of global food security as this was a key motivation for the doctoral program ”Third Ways

of Feeding the World” that provided the funding for this thesis.

The Sustainable Development Goal (SDG) on Zero Hunger (United Nations, 2015a) can only be

1



Chapter 1 General introduction

achieved if food security is ensured for everyone. However, globally, between 691 and 783 million

people faced hunger in 2022, and nearly 200 million children under five years of age were stunted or

wasted (FAO et al., 2023), which is evidence that further action to combat hunger is required. Managed

grasslands provide protein-rich food such as dairy products and ruminant meat and can help to reduce

malnutrition locally (FAO et al., 2020; Leroy et al., 2023). At the same time, as a consequence of

unhealthy diets, approximately 2.5 billion adults (WHO, 2024) and 37 million children were overweight

in 2022 (FAO et al., 2023), posing a threat to the SDG on Global Health and Well-Being (United Nations,

2015b). One contributing factor of these unhealthy diets is an overly high share of meat and dairy

products (Abete et al., 2014; Song et al., 2016; Willett et al., 2019).

Looking beyond the health impacts, food systems are a major contributor to climate change account-

ing for approximately 34% of the total greenhouse gas emissions (Crippa et al., 2021). Of these, rumi-

nant livestock production systems contribute to climate change with total emissions ranging from 5.6

to 7.5 TgCO2eq yr−1 (estimates for 1995 to 2005; Herrero et al., 2016). The main sources include

methane (CH4) from enteric fermentation (1.6 to 2.7 TgCO2eq yr−1), nitrous oxide (N2O) emissions

from feed production (1.3 to 2.0 TgCO2eq yr−1) and land use for pastures and animal feed (approx-

imately 1.6 TgCO2eq yr−1 ) (Gerber et al., 2013; Herrero et al., 2013b; Herrero et al., 2016; Popp

et al., 2010; Tubiello et al., 2013; US EPA, 2006). In addition, ruminant livestock production systems

are responsible for approximately 66% of total agricultural water consumption (Heinke et al., 2020)

and, along with other livestock systems, account for 80% of agricultural land use (Steinfeld and Ger-

ber, 2010; Weindl et al., 2017). Livestock production systems also threaten biodiversity, for example

through their contribution to habitat change (Steinfeld et al., 2006) and rangeland degradation (Asner

et al., 2004). However, it has to be noted that livestock grazing creates and maintains sward structural

heterogeneity, which can also benefit biodiversity (Rook et al., 2004). Finally, livestock-related nitrogen

emissions constitute approximately 35% of the total agricultural nitrogen emissions primarily from feed

production and manure management (Bodirsky et al., 2014; Conijn et al., 2018; Uwizeye et al., 2020).

Achieving food security without compromising on climate change mitigation, biodiversity conserva-

tion and environmental pollution remains a challenge but is essential and a reduction in global livestock

production is needed to achieve the goals of the Paris Agreement and the SDGs (Ruggeri Laderchi et al.,

2024; Steinfeld et al., 2006; Willett et al., 2019).

1.1.2 Managed grasslands under climate change

It is well established that climate change will lead to an increase in the land surface temperature, altered

spatiotemporal precipitation patterns and an increased likelihood of extreme events such as droughts

(Alexander et al., 2006; Alexander, 2016; Li et al., 2021). Regardless of whether we limit emissions and
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global average temperature increase to 1.5◦C or not, climate change will impact the terrestrial carbon

(Frank et al., 2015), nitrogen (e.g., Lee et al., 2016; Sinha et al., 2017) and water cycles (Allan et al.,

2020) and agriculture (Jägermeyr et al., 2021; Lange et al., 2020). In agriculture, rising atmospheric

carbon dioxide (CO2) concentrations, the temperature increase and changes in precipitation patterns will

impact plant growth (Franks et al., 2013; Kirschbaum, 2011; Rötter and van de Geijn, 1999). Negative

impacts on yields should be minimised as they pose a threat to food security and achieving the Zero

Hunger Sustainable Development Goal (e.g., Gregory et al., 2005; Schmidhuber and Tubiello, 2007).

While the impact on productivity is important for both croplands and grasslands, managed grasslands

provide a variety of additional non-cultural ecosystem services. I focus on climate-change impacts on

grassland productivity and soil organic carbon storage and did not investigate other ecosystem services

of managed grasslands, such as erosion control, habitat provisioning (Tribot et al., 2018) and important

cultural ecosystem services, such as their utilization for recreational activities (Van Oijen et al., 2020).

For managed grasslands, climate change is expected to impact the amount and timing of grassland

productivity, animal carrying capacity and periods suitable for grazing, the carbon balance and non-CO2

emissions from CH4 and N2O (Chang et al., 2017). Increased photosynthesis and greater leaf biomass

likely result in increased productivity (e.g., Campbell and Stafford Smith, 2000) limited by leaf nitrogen

content (Nowak et al., 2004) and water-use efficiency (Rötter and van de Geijn, 1999; Soussana and

Lüscher, 2007). However, the interactions of temperature, water availability, nutrients, soil, vegetation

and management intensity lead to a complex climate-change response in managed grasslands (Dumont

et al., 2015; Jones and Donnelly, 2004; Roy et al., 2016; Soussana et al., 2013) and accelerated climate

change may exceed the adaptation capacities of grassland communities (Cang et al., 2016).

Chang et al. (2017) project an increase of 6 to 20% in potential grassland yields and 10 to 25%

in optimal stocking densities for Europe, compared to the 1981-2010 average depending on the level

of climate change. They also project a carbon sink in European grasslands for a 1.5◦C warming but

regional carbon neutrality or a carbon source for a 3.5◦C warming (Chang et al., 2017). However, while

they reflect management adaptations to optimise productivity, they do not consider dietary changes,

which may lead to further intensification in the livestock sector, cause grassland degradation and alter

the carbon balance. As a matter of fact, when assessing the full greenhouse gas balance of grasslands,

Chang et al. (2021) show that the carbon sink increases from CO2 fertilisation and other climatic drivers

in extensively grazed systems and the carbon losses from intensification and land-use change are almost

balanced, making global grasslands nearly carbon neutral. This calls for sustainable management to

enhance grassland carbon storage and prevent a shift to a carbon source (Bai and Cotrufo, 2022; Chang

et al., 2021; Conant et al., 2017; Smith et al., 2007).

Ninety percent of the grassland carbon is stored in the soil, either as roots or soil organic matter, and

is highly vulnerable to overgrazing and land conversion (Bai and Cotrufo, 2022; Bardgett et al., 2021;
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White et al., 2000). Spatiotemporal changes in precipitation and an increase in severe droughts will

affect community composition, carbon allocation and microbial processes, such as decomposition (Bai

and Cotrufo, 2022). In savanna grasslands, increasing fire frequencies may modify long-term carbon

storage by intensifying nutrient limitation (Bai and Cotrufo, 2022; Pellegrini et al., 2018; Zhou et al.,

2022). To prevent SOC loss or even yield an increase, improved grazing management (Conant et al.,

2017; Wilson et al., 2018; Wu et al., 2017), as well as maintaining (Bai and Cotrufo, 2022) and restoring

(Chen et al., 2018; Prommer et al., 2020; Yang et al., 2019) biodiversity, are important.

1.1.3 Modelling managed grasslands at large spatial scales

In addition to field experiments, computer models can be used to systematically assess the role of en-

vironmental conditions, management and functional diversity. A computer model is always a simpli-

fication of reality and the level of detail used to represent specific real-world features depends on the

model’s purpose. Grassland models have been developed at various spatial scales and for different pur-

poses. I provide an overview of managed grassland models that were developed to simulate productivity

and soil organic carbon storage in 2.1.3.

At large to global scales, Dynamic Global Vegetation Models (DGVMs) are commonly applied.

These models have been developed to simulate global biogeochemical cycles and the dynamics of

vegetation patterns (Quillet et al., 2010; Sitch et al., 2003). Historically, DGVMs modelled natural

vegetation using a small set of plant functional types (PFTs) and a detailed representation of photosyn-

thesis to simulate the carbon cycle across different biomes (e.g. Brovkin et al., 1997). To account for

anthropogenic influences on the carbon cycle, these models were extended to also simulate croplands

and grasslands (Bondeau et al., 2007) and over time additional management practices were implemented

(e.g. Jägermeyr et al., 2017; Lutz et al., 2019; Rolinski et al., 2018).

However, while functional diversity is represented in several local- to regional-scale models such as

the Grassland Individual-based Dynamic Model (GRASSMIND) (Taubert et al., 2012; Taubert et al.,

2020a; Taubert et al., 2020b), the Individual-Based plant Community-grass (IBC-grass) model (May

et al., 2009) and the GrasslandTraitSim model (Nößler et al., 2024), global-scale models such as the

Lund-Potsdam-Jena managed Land (LPJmL) model (Rolinski et al., 2018; Schaphoff et al., 2018; von

Bloh et al., 2018) lack such a representation.

1.1.4 Functional diversity of managed grasslands

Empirical research from the world’s major grassland biomes consistently shows that biodiversity sup-

ports productivity (Grace et al., 2016; Walde et al., 2021), forage supply (Schaub et al., 2020) and

SOC stocks (Anacker et al., 2021; Spohn et al., 2023). However, historical productivity increases were
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mainly driven by grassland expansion and intensification, which in turn led to species and biodiversity

loss (Guo et al., 2023; Isbell et al., 2015b). For example, in the North American Great Plains as well

as the Asian steppes, traditional grazing systems have been replaced by more intensive systems, and

today these grasslands are at risk of large-scale degradation due to overgrazing (Batunacun et al., 2018;

Weaver, 1954). As a consequence, precipitation infiltration (Wu et al., 2022) and soil fertility decline

(Wu and Tiessen, 2002), leading to a reduction in the livestock carrying capacity of these grasslands

(Piipponen et al., 2022) unless management practices are adapted (Akiyama and Kawamura, 2007; Au-

gustine et al., 2021; Wilcox et al., 2012). While soil fertility loss can be counteracted to some extent

with synthetic fertilisers or manure, such adaptations increase the production costs due to the need for

additional labour, machinery and inputs (Holubek and Petrovic, 2011). Additionally, they may promote

competitive or dominant species that can utilise the additional resources most efficiently, thereby accel-

erating biodiversity loss (Gaujour et al., 2012; Melts et al., 2018). Sustainable management practices

should consider the role of biodiversity in managed grassland ecosystem services.

Biodiversity research is constantly evolving and the advent of large databases such as TRY (Kattge et

al., 2020), combined with new artificial intelligence-based methods of data analysis (e.g., Schiller et al.,

2021; Wolf et al., 2022), will likely provide additional insights in the future. However, it is already clear

today that biodiversity underpins most ecosystem services (Cardinale et al., 2012; Costanza et al., 1997;

Zhang et al., 2022). Biodiversity unifies taxonomic, ecological, morphological and functional diversity.

While all four are important, the focus of this thesis is on plant functional diversity.

Functional diversity is a component of biodiversity that describes the range of functions provided

by the flora (and/or fauna) of a community or ecosystem (Petchey and Gaston, 2006). A common

measure of functional diversity is the value and range of traits associated with ecosystem functioning.

For example, a grassland community that contains only species with a similar leaf longevity (LL) —

a trait that describes the lifespan of a leaf — is less diverse than one containing species with different

LLs. The concept of leaf economics can metaphorically be described as the time after which a leaf

must be replaced by a new one to maintain the plant’s leaf biomass. As the production of new leaves

requires carbon, the plant must be able to assimilate the required amount of carbon within this time

frame or it will lose leaf biomass. It is well known that the LL is not independent of the investment

cost in terms of carbon to produce a leaf (Chabot and Hicks, 1982; Wright et al., 2004). Leaves with

a short lifespan have lower investment costs compared to leaves with a long lifespan. Since a specific

area of leaf contains a different amount of carbon depending on the investment, the investment can be

expressed as leaf mass per area or its inverse, the Specific Leaf Area (SLA). In an environment with

abundant resources, rapidly constructing new leaves and having to replace them more often is easy.

However, if resources become scarce, such a strategy is not successful, and a plant community that only

follows this strategy will suffer more — and lose for example biomass — than a community with a more
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diverse strategy portfolio. This example illustrates two important features of functional diversity.

First, functional diversity underpins a range of ecosystem functions and services and extensive re-

search has been conducted to quantify the role of functional diversity in individual and across functions

and services (Hector and Bagchi, 2007; Isbell et al., 2011; Pasari et al., 2013; Zavaleta et al., 2010).

That research includes extensive long-term field experiments, such as the well-known biodiversity ex-

periments at Cedar Creek (Tilman et al., 2001) and the Jena experiment (Weisser et al., 2017). These and

other experiments provided key insights into the role of functional diversity in productivity (diversity-

productivity theory e.g., Craven et al., 2016; Schulze and Mooney, 1993; Tilman et al., 2012), resistance

and resilience of productivity (diversity-stability theory e.g., Buzhdygan et al., 2020; Hoover et al., 2014;

Isbell et al., 2015a) and the success of invading species (diversity-invasion theory e.g., Fargione et al.,

2003; Petermann et al., 2010; Zavaleta and Hulvey, 2004). For a comprehensive overview I refer to

Tilman et al. (2014).

Second, functional diversity can be expressed through traits and is representative of ecological strate-

gies, which are key components of the methods used in this thesis.

1.2 Functional traits and ecological strategies

The term ’plant trait’ is used broadly to describe various features of plants (Violle et al., 2007). Func-

tional traits are traits that describe ecological strategies (Pérez-Harguindeguy et al., 2013). The concept

of functional traits is well-established and the compilation of large trait databases, such as TRY (Kattge

et al., 2020), forms the basis for quantifying relationships between multiple traits, relating them to

ecological strategies and incorporating this knowledge into vegetation models (McMahon et al., 2011).

1.2.1 Functional trait relationships

A prominent example is the leaf economic spectrum (Wright et al., 2004), which provides power laws

to describe the relationship between SLA, LL and leaf nitrogen content. This allows a quantitative

description of the well-known trade-off between the fast-growing and short-lived and the slow-growing

and long-lived strategies of leaf production (fast-slow leaf economics, Reich, 2014). Recently, the

development of global databases such as TRY made trait data available to a wide range of researchers

from different disciplines and provided the basis for a large body of literature on additional trait-trait

relationships and their role in ecosystem services (Kattge et al., 2020). Using data from TRY, the

global spectrum of plant form and function combines the leaf economic spectrum with phenological

and morphological traits, which also allows for describing the strategy trade-off between tall plants with

a limited number of large seeds and small plants with a high number of small seeds (Dı́az et al., 2016).

Recently, the concept of leaf economics has been applied to roots as well, leading to the concept of
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the root economic space, which includes two dimensions: the fast-slow dimension, which is similar

to the fast-slow component of the leaf economic spectrum and can be described through a trade-off

between root tissue density and root nitrogen content and the do-it-yourself-outsourcing dimension,

which is described through a trade-off between specific root length and investment in a mycorrhizal

partner (Bergmann et al., 2020).

A connection between the above- and below-ground trait trade-offs can be established via the fast-

slow dimension, which is aligned between the above- and below-ground plant organs, providing an

integrated framework (Weigelt et al., 2021). However, while such frameworks provide a high-level,

holistic description relating plant form and function, they also have drawbacks. Foremost, genes are

not the only determining factor for plant traits, and individuals of the same species already show a

broad range of trait values depending on local environmental conditions (Mitchell et al., 2018; Roybal

and Butterfield, 2019; Siefert et al., 2014). Therefore, applying the relationships to a specific plant

community is difficult without also considering environmental conditions.

In vegetation modelling, trait-trait relationships have been incorporated into models at different scales,

improving their capability to represent ecosystems. Such trait-based models often simulate a number

of individuals for which trait values are randomly sampled from a prescribed distribution to represent

the various plants in a community. For instance, the Lund-Potsdam-Jena managed Land-flexible indi-

vidual traits (LPJmL-FIT) model represents the fast-slow leaf economics and a trade-off between wood

density and tree mortality based on TRY data (Sakschewski et al., 2015). While originally developed to

simulate vegetation dynamics in the Amazon, it has been extended to European forests (Thonicke et al.,

2020). Compared to its sister model, LPJmL, which was used in this thesis, forest dynamics are better

captured. However, LPJmL-FIT does not include managed grasslands.

The GRASSMIND model (Taubert et al., 2012; Taubert et al., 2020a; Taubert et al., 2020b) is an ex-

ample of an individual-based grassland model that simulates the differences between individuals based

on multiple traits. Similar to LPJmL-FIT and other trait-based models, it follows a gap approach (Botkin

et al., 1972), assuming that disturbances or stochastic age mortality create gaps in the vegetative cover

where new vegetation can establish. Due to the stochasticity of the approach, multiple realisations of the

community with several thousand individuals of different species must be simulated, making such mod-

els computationally expensive. In contrast, the LPJmL model is computationally comparatively cheap

but requires a more aggregated way of representing functional diversity through the grouping of similar

species into PFTs. In the past, this grouping was done based on growth form (tree or grass), leaf type

(broad- or needle-leaved), phenology (summer-, rain- or evergreen) and photosynthetic pathway (C3 or

C4). This led to the development of a limited number of PFTs to represent managed grasslands, which

do not distinguish different ecological strategies or functional diversity. To overcome this, I applied the

competitor, stress-tolerator, ruderal (CSR) theory (Campbell and Grime, 1992; Grime, 1974; Grime,
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1977) to introduce additional PFTs. The CSR theory is a simple concept for grouping species according

to their ecological strategies and has been connected to the concept of functional traits (Pierce et al.,

2013; Pierce et al., 2017).

1.2.2 The CSR theory

In 1974, Philip J. Grime developed the CSR theory based on a large set of field experiments in the United

Kingdom. This theory distinguishes three main ecological strategies based on habitat conditions. The

competitive (C) strategy predominates in habitats with abundant resources, where species that can utilise

these resources most efficiently thrive and outcompete other species. This strategy is characterised by

fast growth and the production of large amounts of leaves with a short lifespan. The stress-tolerant (S)

strategy characterises species that invest resources in the ability to survive in resource-poor environ-

ments, where the competitive strategy is not successful. This strategy is characterised by slower growth

and leaves with a long lifespan. While this strategy can also result in large plants, this takes considerably

more time compared to the competitive strategy. The ruderal (R) strategy is characterised by short life

cycles, completed during periods of beneficial conditions and a large number of seeds that lie dormant

during uninhabitable periods. As a result of the short life cycle, this strategy does not support the growth

of large plants. However, similar to the competitive strategy, it facilitates the growth of leaves with a

short lifespan. While these three strategies are the ones that give the theory its name, they represent

extremes, and in-between strategies are common. Visually, the CSR theory is typically depicted as a

triangle, with the main strategies at its nodes and intermediate strategies positioned within the triangle

(Fig. 1.1). For example, a competitive stress-tolerant strategy can be positioned at or near the edge

between the competitive and the stress-tolerant nodes.

As mentioned earlier (see 1.2.1), ecological strategies can be expressed through functional traits.

Pierce et al. (2013) use the functional traits SLA, leaf area, and leaf dry matter content to connect

CSR theory and the global spectrum of plant form and function (Dı́az et al., 2016), and to explain

CSR variation across species and within communities. These and other connections between traits

and strategies form the basis for the Lund-Potsdam-Jena managed Land Competitor, Stress-Tolerator,

Ruderal (LPJmL-CSR) model developed in the context of this thesis.
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Figure 1.1: Ternary plot visualising the CSR theory. Main strategies (C, S and R) are displayed at the
nodes of the triangle. Environmental conditions that lead to the emergence of different strate-
gies are shown as the stress (blue) and disturbance (red) gradients. Intermediate strategies
can be positioned anywhere within the triangle.

1.3 The LPJmL model

LPJmL is a DGVM that simulates the terrestrial carbon, nitrogen and water cycles of natural vegetation

and managed land. The productivity of different vegetation types is calculated considering the co-

limitation of temperature, light, water and nitrogen for photosynthesis. A detailed model description

of LPJmL and the most recent developments are provided in von Bloh et al. (2018), Schaphoff et al.

(2018), Heinke et al. (2023) and Wirth et al. (2024) (Chapter 4), and I provide a brief overview.

1.3.1 General model description

LPJmL simulates different vegetation types using the concept of PFTs, which group one or several

species, depending on common traits, into one representative entity: the PFT. For example, LPJmL

distinguishes only a tropical broadleaved evergreen and raingreen PFT to represent tropical forests. For

each PFT, LPJmL simulates the dynamics of an average individual to represent the entire population,

using several state variables. The most important state variables include the carbon and nitrogen pools

of different plant organs (leaves and roots, but also sapwood and heartwood for trees), a labile nitrogen

pool and the number of average individuals in the represented population. The dynamics are based on

the processes of establishment and reproduction, turnover and mortality and allocation of net primary

productivity (NPP) to different plant organs. NPP is the carbon accumulated by photosynthesis (gross

primary productivity, GPP) minus the losses from autotrophic respiration. While these processes provide

the basis for all vegetation types simulated by LPJmL, the simulation of managed grasslands includes

9



Chapter 1 General introduction

additional processes due to management.

1.3.2 The managed grassland module

Implemented grassland management options include irrigation, the application of synthetic fertiliser

and manure, as well as different options for daily and rotational grazing and mowing. Irrigation options

are described in (Jägermeyr et al., 2015) and the application of manure and synthetic fertiliser includes

the amount and timing of the treatment (von Bloh et al., 2018). All grazing and mowing options are

described in detail in Rolinski et al. (2018) and Heinke et al. (2023), and I briefly present the mowing

and daily grazing options, as these are relevant for this thesis.

Mowing is implemented as a biomass removal on specified days of the year, after which only a

predefined amount of stubble biomass remains. For daily grazing, two options for determining forage

intake by the animals were developed. The main difference lies in the determination of the maximum

and actual forage intake. The initial routine by Rolinski et al. (2018) calculates a fixed maximum forage

intake based on a fixed feed demand per unit of metabolic body weight. If actual forage biomass is

lower than the maximum forage intake, all forage biomass, except for a predefined amount of stubble,

is removed. Otherwise, forage biomass is reduced by the maximum intake. In contrast, Heinke et al.

(2023) calculate the maximum forage intake dynamically by additionally considering the crude protein

content of forage dry matter, which they derive from the daily updated forage nitrogen content. Actual

forage intake is a function of the leaf area index (LAI), following Herrero et al. (2000) and Johnson and

Parsons (1985).

While multiple management options have been implemented in detail, less attention has been paid

to the representation of the plant community. LPJmL generally represents managed grasslands using

three herbaceous PFTs, which group together graminoids, forbs and herbs. While this is comparable

to other DGVMs, this broad categorization has been criticised as insufficient to represent the global

variation of grassland communities (Linstädter et al., 2014; Pfeiffer et al., 2019). The three herbaceous

PFTs include a tropical C4 and a temperate and a polar C3 PFT. The simulated plant organs are leaves

and roots, which grow and decay following the processes listed in 1.3. Additionally, while the number

of average individuals in a community is a variable for the tree PFTs, it is a constant of one for the

grass PFTs. Using functional traits and CSR theory, I extended the model to represent additional PFTs

distinguishing different strategies.

1.3.3 LPJmL-CSR

A full description of LPJmL-CSR is provided in Chapters 3 and 4; here, I give only a brief overview. In

LPJmL-CSR I use the connections between functional traits, which are used as parameters in LPJmL,
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and CSR theory to extend the set of herbaceous PFTs. As a prerequisite, several parts of the model had

to be refined.

First, I defined the SLA-LL relationship (Chabot and Hicks, 1982; Wright et al., 2004) as a power

law based on data from the TRY database (Kattge et al., 2020) (Chapter 3). Second, I included the

below-ground biomass in the competition for water using root functional traits (Chapter 3). Third, I

implemented a new approach to represent biological nitrogen fixation (BNF) that explicitly considers

the PFT-specific co-limitation of temperature and water availability, the respiration cost of nitrogen

fixation and the potential fixation rate (Chapter 4). Fourth, to simulate the number of average individuals

as a variable instead of a constant, I modified the reproduction and mortality routines to increase and

decrease the number of average individuals (Chapter 3).

With these extensions, LPJmL-CSR is the fundamental tool I used for this thesis.

1.4 Research justification and objectives

My main goal was to provide a global assessment of the role of functional diversity in managed grass-

lands productivity and SOC storage under different climate-change scenarios. Increasing our under-

standing of the role of functional diversity for these variables is important for better comprehension of

the dynamics of the land carbon cycle and to quantify climate-change impacts on forage supply in terms

of quantity, quality and stability. Such knowledge can be used to inform policymakers, farmers and

other stakeholders about the consequences of mismanagement and foster the development of sustain-

able management practices. While the extensive empirical research on the role of functional diversity of

managed grasslands provides insight into the current state, it is not sufficient to project the future state

of managed grasslands globally. For this purpose, dynamic global vegetation models that can simulate

the effects of land-use change and different management practices on the global carbon and nitrogen

cycles are used. In addition to projecting future productivity and soil organic carbon storage of man-

aged grasslands, these models are used to calculate the overall net carbon flux of the land surface, which

is a key component in determining the global carbon budget. Whether the land surface is a carbon

sink or a source is at least to some extent determined by the carbon balance of managed grasslands.

However, such models have so far neglected the role of functional diversity in managed grasslands. To

achieve the main goal of this thesis, I incorporated a representation of functional diversity in managed

grasslands into the LPJmL DGVM, which provides the basis to investigate the following overarching

research questions:

1. How can dynamic global vegetation models be adapted to represent the functional diversity of

managed grasslands?
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2. What is the role of functional diversity for the productivity, forage supply and SOC stocks of

managed grasslands at local to national scales under different management practices and climate

conditions?

3. How important is functional diversity for managed grassland productivity and soil organic carbon

storage at the global scale and under climate change?

1.5 Thesis outline

To achieve the objectives of this thesis, the development of the LPJmL-CSR model and simulation

experiments were conducted. The findings are presented in separate chapters.

Chapter 2 aims to lay the foundation for the development of the LPJmL-CSR model. In this study,

the LPJmL model is compared to the GRASSMIND model to identify key processes that need further

development to represent functional diversity (research question 1). The two selected models differ in

their resolution, purpose and detail of process representation. For example, while GRASSMIND focuses

on the community dynamics but contains a less complex empirical photosynthesis model, LPJmL uses

a more aggregated representation of the community but a more complex process-based photosynthesis

model. Both models were calibrated to simulate different communities at the site of the Jena Experiment

(Thuringia, Germany, 50◦55′N, 11◦35′E, 130 m above sea level) for which extensive data are available.

My co-authors and I systematically compared simulated data on above-ground biomass, GPP, NPP, LAI,

plant cover and water uptake from several precipitation scenarios with and without mowing.

Chapter 3 presents the model development of LPJmL-CSR, which was based on the findings of Chap-

ter 2 and the CSR theory. Selected processes were altered to allow the representation of trade-offs be-

tween the main CSR strategies based on functional traits and their relationships (research question 1).

The new model LPJmL-CSR was calibrated and evaluated for three managed grassland sites: a temper-

ate grassland, a hot and a cold steppe, for several management scenarios using data on forage offtake

or leaf biomass, SOC and cover share of C, S and R strategists. My co-authors and I compared the

simulated leaf biomass, SOC and community position across the different sites and management sce-

narios and assessed the effect of removing water and/or nutrient limitation on leaf biomass, SOC and

community composition (research question 2).

Chapter 4 describes the development of the carbon-costly biological nitrogen fixation (BNF) approach

(research question 1). The carbon-costly BNF approach is based on Yu and Zhuang (2020) and Ma et al.

(2022). The fundamental differences compared to the original approach include the distinction between

temperature and water limitations for BNF as well as the introduction of a carbon cost for BNF. PFTs

can only invest a certain amount of their NPP into fixation, limiting BNF. Finally, while in the original
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approach fixed nitrogen was added to the soil mineral nitrogen pool, in the carbon-costly approach it is

directly used by the fixing PFT.

For Chapter 5, I used LPJmL-CSR to assess the productivity and SOC stocks of managed grass-

lands globally under climate change (research question 3). For this purpose, I calibrated and evaluated

LPJmL-CSR globally using remote sensing data on GPP and community composition data from citizen

science-based trait maps. To assess the role of functional diversity, I simulated scenarios with high and

low functional diversity using the presence or absence of different ecological strategies as a proxy. My

results show that the GPP and SOC stocks of managed grasslands benefit from functional diversity even

under moderate climate change. However, the level of this benefit differs across the Earth, and some

areas even experience an increase in GPP and SOC stocks in the low functional diversity scenario. I

selected three example regions: Uganda and South Sudan (Africa), Germany (Europe) and North and

South Carolina (North America) which differ in the underlying reasons for the change in GPP, SOC

stocks and community composition between the scenarios with and without functional diversity to dis-

cuss the regional pattern in detail (research question 2).

Chapter 6 presents and discusses the overall findings of this thesis, considering the current state of

knowledge from scientific literature. Based on the findings for research questions 1 to 3 presented in

Chapters 2 to 5, I discuss the insights on functional diversity, the implications for the dual challenge of

climate change and biodiversity loss and the advantages and disadvantages of the LPJmL-CSR model.

Finally, I lay out the potential impact of my findings for policymakers and the development of sustain-

able management practices and provide an outlook on future research applications of LPJmL-CSR.

As this is a cumulative thesis, Chapters 2, 3, 4 and 5 are separate manuscripts that may include

redundancies in their introductions, method descriptions and discussions. Edited versions of Chapters

2, 3 and 4 have been published as original research articles in peer-reviewed scientific journals. Chapter

5 is currently in preparation for submission to a peer-reviewed scientific journal.
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Paula, J. Paule, H. Pauli, J. G. Pausas, B. Peco, J. Penuelas, A. Perea, P. L. Peri, A. C. Petisco-Souza, A. Petraglia, A. M.
Petritan, O. L. Phillips, S. Pierce, V. D. Pillar, J. Pisek, A. Pomogaybin, H. Poorter, A. Portsmuth, P. Poschlod, C. Potvin,
D. Pounds, A. S. Powell, S. A. Power, A. Prinzing, G. Puglielli, P. Pyšek, V. Raevel, A. Rammig, J. Ransijn, C. A. Ray,
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T. Moulin, E. Movedi, C. Picon-Cochard, S. Rolinski, N. Viovy, S. B. Wirth, and G. Bellocchi (2020). “Incorporat-
ing Biodiversity into Biogeochemistry Models to Improve Prediction of Ecosystem Services in Temperate Grasslands:
Review and Roadmap”. In: Agronomy 10.2, p. 259. DOI: 10.3390/agronomy10020259. (Visited on 02/13/2020).

Violle, C., M.-L. Navas, D. Vile, E. Kazakou, C. Fortunel, I. Hummel, and E. Garnier (2007). “Let the Concept of Trait Be
Functional!” In: Oikos 116.5, pp. 882–892. ISSN: 1600-0706. DOI: 10.1111/j.0030- 1299.2007.15559.x. (Visited on
04/25/2024).

von Bloh, W., S. Schaphoff, C. Müller, S. Rolinski, K. Waha, and S. Zaehle (2018). “Implementing the Nitrogen Cycle into the
Dynamic Global Vegetation, Hydrology, and Crop Growth Model LPJmL (Version 5.0)”. In: Geosci. Model Dev. 11.7,
pp. 2789–2812. ISSN: 1991-959X. DOI: 10.5194/gmd-11-2789-2018. (Visited on 05/31/2023).

Walde, M., E. Allan, S. L. Cappelli, M. Didion-Gency, A. Gessler, M. M. Lehmann, N. A. Pichon, and C. Grossiord (2021).
“Both Diversity and Functional Composition Affect Productivity and Water Use Efficiency in Experimental Temper-
ate Grasslands”. In: J. Ecol. 109.11, pp. 3877–3891. ISSN: 1365-2745. DOI: 10.1111/1365- 2745.13765. (Visited on
11/20/2024).

21



Chapter 1 General introduction

Weaver, J. (1954). North American Prairie. Lincoln, Nebraska: JOHNSEN PUBLISHING COMPANY.
Weigelt, A., L. Mommer, K. Andraczek, C. M. Iversen, J. Bergmann, H. Bruelheide, Y. Fan, G. T. Freschet, N. R. Guerrero-

Ramı́rez, J. Kattge, T. W. Kuyper, D. C. Laughlin, I. C. Meier, F. van der Plas, H. Poorter, C. Roumet, J. van Ruijven,
F. M. Sabatini, M. Semchenko, C. J. Sweeney, O. J. Valverde-Barrantes, L. M. York, and M. L. McCormack (2021). “An
Integrated Framework of Plant Form and Function: The Belowground Perspective”. In: New Phytol. 232.1, pp. 42–59.
ISSN: 1469-8137. DOI: 10.1111/nph.17590. (Visited on 11/23/2021).

Weindl, I., A. Popp, B. L. Bodirsky, S. Rolinski, H. Lotze-Campen, A. Biewald, F. Humpenöder, J. P. Dietrich, and M.
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Abstract: Biogeochemical models of vegetation dynamics could potentially be used to complement empirical

studies on the effect of plant species richness. A key precondition is the simulation of species coexistence. While

community scale models regularly incorporate respective processes, models at the field or landscape scale used for

larger scale assessments, require additional model development. However, it is unclear how the particular process

description within these models affects simulations of species performance and resulting ecosystem functions.

We compare simulations of two grassland models of different complexity for monocultures and two-species

mixtures in a grassland experiment in Jena, Germany. By providing an in-depth analysis of the models’ process

descriptions, we evaluate their ability to simulate the response of different species, their interactions and their

joint performance to drought and mowing.
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Both models simulated similar average average above-ground biomass (AGB) but showed different intra-annual

variability. Generally, the models had difficulties representing a balanced species composition in multiple species

mixtures and competition for space was the main driver of community composition in both models. The resulting

communities were dominated by the more competitive species, while the weak competitor was only marginally

present in most mixtures independent of drought and mowing. The competitive strength which we derived from

the calibrated parameter sets of the species differed between the models and the agreement on which species dom-

inate specific mixtures was mixed. While both models simulated reduced soil water content and above-ground

biomass in response to drought, the strength and duration of these responses differed. Despite these differences,

simulated species interactions were barely affected, and strong competitors remained dominant. Mowing had op-

posing effects on the competition for space in the models, which could be attributed to the different representations

of plants in the two models.

The models selected for the comparison are two representatives for local- and large-scale applications and use

widely applied approaches for which our comparison highlighted strengths and weaknesses. To enable the investi-

gated models (and those with similar complexity) to simulate coexistence of multiple species, niche differentiation

needs to be improved. This requires a stricter separation of access to different resources and improved represen-

tation of different ecological strategies for which community scale models that are able to simulate coexistence

may be an inspiration. Our approach may serve as an example for other modellers looking for ways to identify

important model processes for further model development in the context of species interaction.

2.1 Introduction

Grasslands are a key element of ruminant livestock production systems and provide multiple ecosystem

services like carbon sequestration (Chang et al., 2015), erosion control (Zhu et al., 2015) and habitats for

pollinators and other fauna (Dass et al., 2018; Tribot et al., 2018). They strongly affect biogeochemical

cycles at different scales (Moinet et al., 2017; Zhou et al., 2017) and lately, their carbon storage potential

has been controversely discussed in the context of climate change mitigation (e.g. Godde et al., 2020;

Lorenz and Lal, 2018; Yang et al., 2019). The functions and services provided by grasslands are strongly

controlled by the prevailing environmental conditions, but also by the specific management (Tilman et

al., 2012). The response of a grassland ecosystem to changes in these drivers was shown to be mediated

by species richness and community composition (Craven et al., 2016; Vogel et al., 2012; Yin et al.,

2017). Consequently, a good understanding of the mechanisms driving grassland dynamics is essential

to assess and project future productivity, ecosystem services and functions under different stressors,

such as climate change (Van Oijen et al., 2020).

2.1.1 Drivers of grassland dynamics

In this study, we focus on the effect of two important drivers of grassland dynamics: decreased water

availability resulting from meteorological droughts, which can result from climate change, and biomass

25



Chapter 2

removal by mowing, which is a common practice in livestock production.

2.1.1.1 Water

Water availability results from the local balance of inputs through precipitation and losses by transpira-

tion, evaporation, seepage and runoff. During drought, precipitation is absent or below water require-

ments for a longer period, either within one season or across multiple years. A decrease in precipitation

can suppress ecosystem photosynthesis, soil respiration and carbon cycling (Beier et al., 2012; Wu et

al., 2011) as well as key soil processes (Emmett et al., 2004). Additionally, an increase in inter-rainfall

intervals can lead to reduced net primary production, flowering duration and soil CO2 flux in grasslands

(Fay et al., 2000). Other severe impacts on grassland ecosystems include a rapid loss of biomass, plant

cover, and even species (Carroll et al., 2021; Tilman and El Haddi, 1992; Weaver, 1942). In addition,

droughts were shown to influence community composition and diversity patterns of grasslands (Buck-

land et al., 1997; Jung et al., 2020; Knapp et al., 2008). The response of an ecosystem to periods of

drought depends on characteristics of the drought itself, such as its duration, its intensity and its fre-

quency (Denton et al., 2017; Felton et al., 2020). It also depends on the characteristics of the grassland

community, as grassland species have developed several strategies to resist and survive droughts (Blair

et al., 2014; Reich, 2014). While annual species often use an escape strategy by completing their life

cycle outside the dry season (Kooyers, 2015; Norton et al., 2016), perennial species use dehydration

avoidance or tolerance as a strategy (Zwicke et al., 2015) by regulating their leaf water potential (Ratz-

mann et al., 2019a; Ratzmann et al., 2019b). Dehydration avoidance is associated with an increase in

water uptake or decrease of water losses, while dehydration tolerance ensures plant survival by main-

taining cell integrity of meristematic tissue (Ludlow, 1989; Volaire et al., 2009; Zwicke et al., 2015).

Additionally, species-rich communities often better buffer adverse effects of droughts in the long run

than low-diverse communities, as they allow for shifts in their composition towards potentially better

adapted species (Hoover et al., 2018; Isbell et al., 2015) but may also alter environmental conditions re-

ducing drought stress of more vulnerable species (Wright et al., 2021). Species-rich communities may

also benefit from complementarity effects that arise from the use of soil water stored in different soil

depths by opposing rooting strategies (Guderle et al., 2018; Klaus et al., 2016; Kulmatiski and Beard,

2013).

2.1.1.2 Mowing

In addition to drought, the frequent removal of above-ground plant biomass through mowing or cutting

also affects the composition of grassland communities as well as their productivity, which in turn may

affect the grassland’s resilience to drought events. The intensity of mowing is a result of the frequency of
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mowing and the applied cutting height. While the prevailing pedoclimatic conditions restrict grassland

productivity via temperature, light, water and nutrient constraints, under similar conditions the highest

grassland productivity has been found at intermediate mowing intensities, whereas very low or high

mowing intensities often decrease productivity (Hopkins, 2000; Weigelt et al., 2009). At low mowing

intensity, competition for limiting resources such as water and nutrients, drives the community dynam-

ics, and thus more competitive species dominate the community (Smart et al., 2006). Therefore, the

community is often shaped by fewer but larger plants compared to grasslands with higher mowing in-

tensities. In contrast, in grasslands with a very high mowing intensity, biomass is removed so frequently,

that fast growth and high stature traits associated with competitive species are not advantageous but lead

to selective removal of these species instead (Yin et al., 2017; Yu et al., 2015). The resulting com-

munity often consists of a high number of small plants. This is accompanied by reduced shading and

competition for nutrients and increased growth of less competitive species, promoting species richness

(Pecháčková et al., 2010; Peltzer and Wilson, 2001; Williams et al., 2007).

2.1.2 Plant species richness

The grassland ecosystems’ responses to these two drivers, water availability and mowing, and the mech-

anisms involved, as well as the role of plant species richness of grassland communities, have been stud-

ied using field observations and experiments along a diversity gradient (e.g. Craven et al., 2016; Tilman

et al., 2014). Despite the large number of experiments the mechanistic understanding of the processes

regulating community responses to drought and mowing, especially in species-rich communities is still

limited (Weisser et al., 2017). While the patterns can be reproduced using mathematical models (e.g.

Han et al., 2019), to dissect the underlying processes of ecosystem dynamics, biogeochemical models

(BGMs) have the potential to complement empirical studies, as they can mechanistically analyze the

interacting responses of biotic and abiotic components of grasslands to changing environmental condi-

tions (Van Oijen et al., 2020; Wilcox et al., 2020). However, this requires that two preconditions are

met: First, the models need to represent all relevant processes that shape the community under specific

environmental and management conditions reasonably well. Second, the models need to represent dif-

ferent ecological strategies enabling the communities to adapt if prevailing conditions change. However,

BGMs have not yet been assessed sufficiently with respect to these two preconditions.

2.1.3 Biogeochemical models

BGMs of grasslands have been developed and applied to determine grassland dynamics since the end

of the 1980s (e.g. Coffin and Lauenroth, 1990; Duru et al., 2009; Hunt et al., 1991; Schapendonk et

al., 1998; Siehoff et al., 2011; Thornley and Verberne, 1989). These models have been developed for
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applications at multiple scales and with different levels of represented process detail. Models at the

community scale simulating individual plants with different traits have been used to study the effect of

resource availability and disturbance regimes on the community and its member species (e.g. May et al.,

2009; Soussana et al., 2012). At the plot or field scale individual-based and other models distinguishing

traits only between species or functional types have been used to assess productivity and yields for

different environmental conditions and management (e.g. Höglind et al., 2016; Taubert et al., 2012). At

the continental or global scale dynamic global vegetation models have been developed to assess element

cycling commonly using only a small number of functional types to simulate grassland ecosystems (e.g.

Rolinski et al., 2018; Vuichard et al., 2007). The level of detail and the number of resources that are

considered for plant growth and competition vary not only with the spatial scale for which models have

been developed, but also between models applied at similar scales (for an extensive review see Taubert

et al., 2012).

At the community scale, models that simulate the effects of plant species richness and the interac-

tions between species have been developed (e.g. Clark et al., 2018; Turnbull et al., 2013; Weiss et al.,

2014). The high detail of the plant interactions is achieved at the expense of detail in biogeochemical

process descriptions. We refer to these models as plant interaction models (PIM) to distinguish them

from BGMs. The latter still need substantial development to incorporate plant species richness and

species interaction. In order to enable these models to simulate differently diverse communities and

quantitatively assess the effect of plant species richness, important processes need to be identified and

the appropriateness of potential alternative approaches has to be evaluated. An in-depth analysis of the

interactions between two species can be used to identify the important processes. Doing such an anal-

ysis for model representatives which exemplify a type of model (a number of models sharing similar

approaches) and comparing the performance of multiple model representatives, may be used to identify

the limitations of current model implementations as well as general knowledge gaps that can inform the

next steps of model development. The approach can also uncover similarities and differences regarding

the strengths and weaknesses of specific approaches. This knowledge can be used to inform on potential

development options for the assessed models as well as other models of the same type.

2.1.4 Model intercomparison studies

While comparison studies are more common for models of cereal crops (e.g. Asseng et al., 2019; Durand

et al., 2018; Müller et al., 2017) only comparably few studies for forage grasses have been published

(Korhonen et al., 2018). Of these few grassland model intercomparison studies, some have used a

large model ensemble and cover multiple sites (e.g. Ehrhardt et al., 2018; Sándor et al., 2017; Sándor

et al., 2020). While they quantify and discuss the uncertainty within the ensemble, a detailed analy-

28



Chapter 2

sis of the processes within each model is beyond their scope. In contrast, other studies have used a

small number of models allowing for a more detailed analysis of model differences at one or multiple

sites (e.g. Hurtado-Uria et al., 2013; Korhonen et al., 2018; Persson et al., 2019). These studies are,

however, limited to one specific species, neglecting inter-specific competition and differences between

parametrizations obtained for multiple species, which to our knowledge have only been assessed using

PIMs (Crawford et al., 2021).

2.1.5 Research question

To expand on this for BGMs of different scales and to assess the role of how processes are represented in

different models, we compared simulated grassland properties for two biogeochemical grassland models

(GRASSMIND: Taubert et al. 2012; Taubert et al. 2020a; Taubert et al. 2020b; LPJmL: Rolinski et al.

2018; Schaphoff et al. 2018; von Bloh et al. 2018) using different scenarios of water availability and

management using simulations of monocultures and two-species mixtures. The GRASSMIND model

follows an individual-based approach using fixed traits for each species and simulates photosynthesis

using light response curves (Thornley and Johnson, 1990), while the LPJmL model follows an average

individual approach and simulates photosynthesis using an adapted Farquhar approach (Haxeltine and

Prentice, 1996; Prentice et al., 2000). Using data from a long-term biodiversity experiment (Weisser

et al., 2017) — the Jena Experiment — we first calibrated and evaluated the models for four species for

observed climatic conditions and management. Subsequently, we compared the models for scenarios

with no, moderate and extreme drought conditions in combination with and without mowing. With this

study we pursue the following objectives:

(i) identify the relevant processes to explain the main similarities and differences between the models

outcomes for our scenarios,

(ii) assess the effects of mowing and drought in relation to calibrated parameters for the monocultures

and the two-species mixtures and explain the differences using the processes identified in (i) and

(iii) discuss our findings from (i) and (ii) in the context of other modelling approaches.

2.2 Methods

We used the vegetation models LPJmL (Rolinski et al. 2018; Schaphoff et al. 2018; von Bloh et al.

2018, see 2.2.1.1) and GRASSMIND (Taubert et al. 2012; Taubert et al. 2020a; Taubert et al. 2020b,

see 2.2.1.2) for our comparison. The models were first calibrated and evaluated for four monocultures

and subsequently grassland dynamics were assessed for multiple scenarios of management and drought

conditions for the monocultures as well as two-species mixtures (see 2.2.2).
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2.2.1 Model description

The GRASSMIND and the LPJmL models both simulate daily dynamics of grassland vegetation. While

LPJmL is usually applied at large spatial scales, for this study, it is used as a point model, simulating

small plots with no further spatial distinction. This plot level is the smallest spatial unit for which all

dynamics represented in LPJmL are simulated, whereas in GRASSMIND the smallest spatial units are

the single plants, which simulate the dynamics on 1 m2 to represent the plot. In both models, at each

daily timestep, the amount of biomass gained by photosynthesis is calculated and allocated to the leaves

and roots after subtracting losses from growth and maintenance respiration. Subsequently, the biomass

losses from mortality and turnover of biomass into the litter layer are determined. The amount of new

biomass gained depends on available space, soil and climate conditions and management. At optimal

temperatures, sufficiently available space to grow and under adequate radiation, water and nitrogen sup-

ply, higher photosynthesis rates can be achieved, while suboptimal resource supply or high vegetation

density limit photosynthesis and thus growth. This can results in altered competition and community

composition. Both models can account for management measures by irrigation and application of fertil-

izer, can increase biomass gains. Biomass removal by mowing can be carried out at fixed dates, reducing

the tissue available for photosynthesis after the mowing event.

Each model considers the environmental factors space not already occupied by vegetation, temperature,

radiation, water and nitrogen availability, and simulates similar processes to describe biomass gains and

losses. Fig. 2.1 provides a condensed overview of the similarities and differences while a separate de-

piction is provided in Fig. A.1. However, the process implementations differ in specific aspects, e.g.,

in LPJmL overcrowding reduces the above-ground biomass depending on the excess cover, while in

GRASSMIND the excess cover determines the number of individuals killed which are then randomly

selected (Tab. A.8). While we use the term cover for the comparison of the models throughout this

paper, it is defined differently. In LPJmL, plant geometry is not simulated and cannot be used to calcu-

late the cover. Here, cover is the foliage projected cover (FPC) which is calculated from the leaf area

index (LAI). In GRASSMIND, where plant geometry is simulated, cover is calculated as the sum of the

individual plants’ base area. This is an important difference between the models and has to be kept in

mind when reading sections 2.3 and 2.4.

In addition, a key difference of the models is the representation of the vegetation itself. Grassland

communities consist of several taxonomic groups, however, only graminoids, small, and tall herbs are

represented in the two models. For each modelled species or functional type, LPJmL simulates one aver-

age individual with a given set of traits. The dynamics of the average individual are then scaled up to the

plot scale, neglecting differences between individuals of the same species. In contrast, GRASSMIND

follows an individual-based approach explicitly simulating multiple individuals of the same species that
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have the same set of traits but can differ in size (e.g. plant height and base area). Both models distin-

guish the plant compartments leaves and roots, but in GRASSMIND leaf tissue is further divided into

living and standing senescent tissue, while in LPJmL senescent tissue is directly added to the litter layer

of the soil. For a detailed description we refer to Rolinski et al. (2018), Schaphoff et al. (2018), and

von Bloh et al. (2018) for the LPJmL model and to Taubert et al. (2020a) and Taubert et al. (2020b) and

Taubert et al. (2012) for the GRASSMIND model.
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Figure 2.1: Processes and plant compartments simulated in GRASSMIND and LPJmL (see Fig. A.1 for
an individual representation of each model)

2.2.1.1 LPJmL

LPJmL is a process-based BGM of the carbon, water and nitrogen cycle, developed mainly for global-

scale applications (Schaphoff et al., 2018; von Bloh et al., 2018) and has been extended to simulate

different grassland management routines (Rolinski et al., 2018). However, as the model simulates pro-

cesses for representative points without an explicit reference to space, it is also applicable at the plot

scale (e.g Ehrhardt et al., 2018). LPJmL is representative for several related models (e.g. LPJ-GUESS

Smith et al. 2001, LPJFit Sakschewski et al. 2015 or LPX Prentice et al. 2000) but also other DGVMs

(e.g. JULES Clark et al. 2011 or ORCHIDEE Vuichard et al. 2007). The model simulates the dynam-

ics of an average individual of a species or a plant functional type (PFT) with daily timesteps based

on the following processes: (a) establishment of new species and reproduction of present species, (b)
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plant turnover, (c) biomass accumulation based on gross primary production (GPP) and autotrophic res-

piration, which is limited by environmental conditions and competition for resources between species.

Direct biotic interactions are not simulated.

Photosynthesis LPJmL simulates GPP based on a simplification of the Farquhar approach in com-

bination with a big leaf approach for which the optimum photosynthetic activity as a trade-off between

light energy and RuBisCO availability is derived numerically (Collatz et al., 1991; Collatz et al., 1992;

Farquhar and Caemmerer, 1982; Prentice et al., 2000; von Bloh et al., 2018). A crucial part of the pho-

tosynthesis is the fraction of absorbed photosynthetically active radiation (FAPAR) which is determined

using a factor depending on snowcover, a biome-specific scaling factor and the PFT’s FPC, which is

defined as the fraction of ground area covered by a vertical projection of the vegetation’s foliage, and

determines how much of the photosynthetically active radiation (PAR) can actually be intercepted by

the canopy. The FPC of each PFT is calculated from the PFT’s specific LAI and light extinction co-

efficient. Afterwards, the realised FPC of each PFT is weighted depending on LAI and FPC of all

other PFTs present in the plot. Additionally, limitations due to water and nitrogen stress are accounted

for by comparing resource demand and supply.

Water and nitrogen stress LPJmL simulates soil water dynamics in six distinct layers, to which

plants have access, depending on their root distribution (Schaphoff et al., 2018). Here, we focus on

plant water demand, supply, and uptake, to analyse the impacts these processes have on each PFT and

the entire community. In the computation of GPP, an estimated canopy conductance under unlimited

water supply is used to calculate the atmospheric water demand following Monteith (1995). Even though

plants share the same soil water supply on the plot, plant available soil water is calculated separately for

each PFT, depending on its maximum water transport capacity, vertical root distribution, and FPC. If

the atmospheric demand is not met, canopy conductance is reduced in accordance to the water supply.

This reduced conductance rate is used to determine actual GPP.

A similar approach is applied for the nitrogen stress in which the plant-available nitrogen supply is

compared to the plant’s demand. In case the leaf nitrogen content is below a threshold, the carboxylation

capacity is reduced to match the actual nitrogen supply in the leaves. Since the carboxylation capacity

is also used to determine water limitation, the actual water demand is updated and GPP is updated to

account for both water and nitrogen limitations (see von Bloh et al., 2018, for a detailed description of

the nitrogen cycle in LPJmL).

Allocation, establishment and mortality The assimilated carbon is distributed between leaves

and roots, considering the discrepancy between the actual and the aspired leaf-to-root-ratio of carbon.
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If the actual leaf-to-root ratio is larger than the aspired (more leaf carbon than root carbon) more carbon

is allocated to the roots and the other way around. Under water limited conditions, additional carbon is

allocated to the roots. Subsequently, the assimilated nitrogen is distributed considering the prescribed

range of carbon-to-nitrogen-ratios of leaves and roots. If the allocation of nitrogen would exceed the

lower limit of these ranges, a part of the nitrogen is stored so it can be distributed at a later time. If

not enough nitrogen is available and the upper limit of the ranges would be exceeded, leave and/or root

carbon is reduced and the excess added to the litter layer. Afterwards, the FPC of all PFTs is updated.

Each day, the model evaluates the present species and allows for establishment of new species if these

can grow under simulated conditions. For all species (already present and newly established) reproduc-

tion is calculated based on the equal distribution of available space. The more space is available the

more reproduction is possible. If the total FPC exceeds 1.0, overcrowding mortality reduces the leaf

biomass until the FPC is smaller 1.0.

All these processes interact and lead to daily changes in the PFTs’ carbon and nitrogen pools. The

process rates depend on a set of PFT specific parameters that resemble plant functional traits. It is

possible to represent different strategies of particular species using observations of multiple functional-

traits or measurements from experiments, that correspond to a subset of the parameters to calibrate the

model. A full model description is available in Schaphoff et al. (2018) and von Bloh et al. (2018) and

the open source version of the model is available at https://github.com/PIK-LPJmL/LPJmL. We use a

consolidated version of LPJmL5 (von Bloh et al., 2018) extended to simulate daily establishment.

2.2.1.2 GRASSMIND

GRASSMIND is an individual- and process-based grassland model (Taubert et al., 2012; Taubert et al.,

2020a; Taubert et al., 2020b) where plant growth is based on the concept of light response curves that

is also used in several other models (e.g. Seib-DGVM Sato et al. 2007). The model simulates the daily

dynamics of individual plants of different species or PFTs at the plot scale (e.g., 1 to 100 m2) based

on the following processes: (a) recruitment and emergence of plant seedlings, (b) plant senescence and

mortality, (c) growth of plants (based on GPP and autotrophic respiration), which can be (d) limited by

environmental conditions or reduced due to competition between plants. Interactions between plants

encompass competition for the resources light, space, water and nitrogen. Plant competition depends on

plant size and species identity, but does not account for the particular spatial locations of a plant (’gap

approach’; Botkin et al., 1972; Fischer et al., 2016; Köhler and Huth, 2004; Shugart, 1998). Each plant

species is described by a set of plant traits, which determines its performance in the above-mentioned

processes and its growth form.
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Photosynthesis GRASSMIND first calculates a plant’s potential GPP using the concept of light

response curves (Thornley and Johnson, 1990), which is subsequently reduced to account for water,

nitrogen and temperature limitations. The potential GPP is predominantly determined by the photosyn-

thetically active radiation (PAR) that the plant receives, which is comparable to FAPAR in LPJmL. In

GRASSMIND, this depends on the LAI and other factors such as shading by larger plants. Competition

for light is modelled asymmetrically, which means that larger plants receive more non-attenuated light

than smaller plants. Dependent on species-specific traits, some species can cope better with lower light

levels than others. Large plants with large leaf area can reach their potential GPP limit as a result of

self-shading. The response of potential GPP to air temperature is similar for all plants, but reductions of

potential GPP due to soil water deficits, nitrogen stress or competition are dependent on species-specific

traits that control resource demand and supply.

Water and nitrogen stress Water, carbon and nitrogen dynamics are modelled in 20 equally large

soil layers in GRASSMIND using a daily version of the Century soil model (Parton et al., 1988). Soil

water stress is modelled using a linear reduction dependent on soil water content, permanent wilting

point and field capacity (Granier et al., 1999). Species-specific differences in water uptake are a result

of the water demand of plants (using the concept of water use efficiency) and their rooting depth in

relation to the availability of water in different soil layers.

A similar approach is used for plant nitrogen stress. Based on the potential NPP, which is a balance

between possibly limited GPP and autotrophic respiration (modelled proportional to plant biomass),

the plant nitrogen demand is calculated using C:N ratios of green and brown leaves and roots (species-

specific model parameters). Again, the potential NPP of a plant is reduced linearly dependent on the

ratio of nitrogen supply and demand. Leave senescence can add nitrogen resources to the supply via

retranslocation from yellowing to still green leaves. The actual GPP is calculated from the potential

GPP by accounting for the limitations from temperature, water and nitrogen stress using multiplicative

factors. Subsequently the autotrophic respiration is accounted for to obtain the actual NPP.

Allocation, recruitment and mortality The actual NPP is then distributed between shoots (stems

and leaves), roots and reproductive biomass. A species-specific fraction is allocated to the shoots and

the root biomass is updated dependent on this fraction and the shoot-root ratio. The remaining NPP

is allocated to the reproduction pool. Corresponding nitrogen fluxes are calculated according to the

respective C:N ratios. The growth of plants based on an increased net productivity results in an increased

plant biomass, leaf area, rooting depth and root branch length, plant height and width, dependent on

species-specific traits.

Recruitment and mortality of plants determine, in turn, the density of plants on the simulated area.
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Recruitment can occur from three sources: migration from a surrounding meta-community as a constant

inflow, sowing of seeds at specific times and local reproduction of plants depending on their fitness.

Plants of a higher fitness are able to invest more of their NPP into reproduction and can produce more

seeds. In this study, seed ingrowth from a meta-community and local recruitment are summarized

in one model parameter. While seedlings can grow at any time and establish dependent on species

traits (e.g. germination rate), plant mortality is modelled in terms of a background mortality and a

crowding mortality. The background mortality is constant (but differs between seedlings and mature

plants) and independent of environmental conditions and overcrowding. Plants that have reached their

expected maximum age die immediately. If the total vegetation cover, which is calculated based on

all plant’s width or lateral expansion, exceeds an area size (of one m2), crowding mortality reduces the

number of individual plants (irrespective of size or plant age). A full model description of GRASSMIND

can be found in Taubert et al. (2012) and Taubert et al. (2020a) and Taubert et al. (2020b) and on

www.formind.org/downloads.

2.2.2 Site and scenario description

Both models were applied to plots of the Jena Experiment, which is situated at the northern edge of Jena

(Thuringia, Germany) on the floodplain of the Saale river (50◦55’N, 11◦35’E, 130 m a.s.l. Weisser et al.,

2017). The annual mean temperature and mean annual precipitation between 1980 and 2010 were 9.9
◦C and 610 mm/year, respectively (Hoffmann et al., 2014), and the soil is classified as Eutric Fluvisol

(Roscher et al., 2004).

For our simulations, we used gap filled daily weather data for temperature, precipitation, and shortwave

radiation from 2002 to 2014 (MPI, 2019; Taubert et al., 2020b). Within this period, annual precipitation

ranged from 368 to 784 mm/year with a mean of 526 mm/year which is below the 1980 to 2010 average.

For the use in LPJmL we had to normalize leap years (2004, 2008, and 2012) to 365 days. We chose

to remove December 31st in leap years to maintain the seasonality within the years. Since data on

harvest events were only available at monthly resolution (Weigelt et al., 2010), we assumed harvests to

occur in the middle of the month (15th). Data on soil bulk density, field capacity and permanent wilting

point were measured in four blocks set up along a soil texture gradient perpendicular to the river Saale

(Roscher et al., 2004). In addition to the measurements we derived porosity from soil texture. For our

simulations we always used the data on soil properties from the block in which our selected species

plots were located.
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2.2.2.1 Species selection

At the Jena site, several experiments were conducted in parallel. We use data from two experiments, the

main experiment (Roscher et al., 2004), which was designed to compare the different diversity levels

and the monoculture experiment (Heisse et al., 2007), which was established as a control, for example to

compare mixture and monoculture yields. The species pool of the Jena Experiment consists of 64 species

from four functional groups (grasses, small herbs, tall herbs, and legumes), that grow well under the site

conditions (Weisser et al., 2017). Monocultures of all 64 species were established in the monoculture

experiment, while in the main experiment monocultures of only 16 (four from each functional group)

species were sown, limiting the number of species available for our study. We excluded the tall herb

and legume species from our selection because we assumed the small herbs and grasses to be more

suitable for usage in both models. Of the eight remaining species we excluded B. perennis because

the experimental plots were strongly affected by the rust fungi Puccinia coronata and P. graminis,

which led to a decrease in productivity and the abandonment of the plots in later years (Weisser et

al., 2017). To reduce the complexity of our comparison we selected only four of the remaining seven

species for our simulations. We selected three common fodder grasses (Poa pratensis, Festuca pratensis

and Festuca rubra) and one very common small herb (Plantago lanceolata). For all selected species

data was available in the two experiments allowing us to use the data of the main experiment for the

calibration while evaluating the models against the data from the monoculture experiments.

2.2.2.2 Calibration and evaluation

For model calibration we used the data from the monoculture plots of the main experiment on above-

ground biomass (AGB), leaf area index (LAI) and vegetation cover for both models, as well as vegetation

height in addition for GRASSMIND (see 2.2.2.2). We evaluated the performance of both models, by

using data on AGB from the monoculture experiment which consisted of small plots of monocultures

of all species used in the main experiment (Heisse et al., 2007). For both calibration and evaluation, we

used the daily weather data from 2002 to 2014 and the mowing frequency that was reported for the Jena

Experiment, where plots were mown twice a year, usually in May and September. Plots of the main and

the monoculture experiments were not fertilized, therefore, we did not add any fertilizer and excluded

nitrogen deposition in our simulations.

The model specific calibration procedures as well as the parameters selected for calibration are de-

scribed in A.1. The observed data sets used for the calibration and the evaluation both show a decrease

of monoculture productivity over time (Marquard et al., 2013), which results in substantially lower val-

ues of AGB in the later years. Additionally, for some AGB observations, the variability of data for one

sampling period was large, which was also found in other grassland experiments (e.g. Vuichard et al.,
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2007). For LPJmL, a spinup run was conducted, to obtain soil carbon, nitrogen, water and temperature

values to initialize the calibration and evaluation simulations (spinup conditions are described in A.1).

2.2.2.3 Simulation scenarios

As we were interested in the effects of drought and mowing on modelled processes and on the perfor-

mance of species in monocultures and the two-species mixtures, we run three precipitation scenarios

(baseline, moderate drought, extreme drought), each with and without mowing. Each scenario was run

for 28 years: for the first 14 years the baseline scenario was used in all scenarios as a spinup to obtain an

equilibrium state of the plant community. In GRASSMIND, the scenario simulations could be started

right away, while for LPJmL they were based on the initial spinup run also used for calibration and

evaluation. For the baseline treatment, we simply repeated these 14 years. For our drought treatments,

we excluded parts of the rain (see below) in year 16, but returned to the baseline scenario for years

17-28. All evaluations refer to the years 15 to 28 of our simulations. We first generated our baseline

scenario, in which we reduced the effects of intra-annual rainfall variability that could otherwise mask

the effects of droughts. To obtain the baseline scenario (Baseline Mow) time-series we grouped the data

based on annual and spring precipitation sums into three clusters using euclidean distances and a Ward

clustering algorithm (Murtagh and Legendre, 2014). The hierarchical cluster analysis was performed

with R Version 3.5.3 using the hclust function from the stats-package (R Core Team, 2019). We se-

lected the cluster with the medium annual and spring precipitation which contained seven years. For

the moderate drought scenario (ModD Mow) we used the same time-series but excluded precipitation

in April and May of year 16. We extended the exclusion to March and June for the extreme drought

(ExtrD Mow). By this, we reduced the annual precipitation by approximately 20 and 40%, respectively.

We ran simulations for Scenarios Baseline Mow, ModD Mow and ExtrD Mow with limited nitrogen

supply and with mowing. Additionally, we ran simulations with the same environmental conditions but

without mowing (Baseline NoMow, ModD NoMow and ExtrD NoMow).

Table 2.1: Simulation scenario names, environmental conditions and management
Scenario weather data precipitation reduction management

calibration/evaluation observed none with mowing
Baseline/ModD/ExtrD Mow medium cluster none/moderate/extreme with mowing
Baseline/ModD/ExtrD NoMow, medium cluster none/moderate/extreme without mowing

2.3 Results

We analysed model outputs on above-ground biomass (AGB), GPP, NPP, LAI, Losses (litterfall and

mortality), cover and water uptake. We present the results for AGB in the main text and for the other
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variables (only for our baseline scenario Baseline Mow) in appendix A. In Section 2.3.1, we briefly

present the results of the calibration and model evaluation. Subsequently, we analyze our results of

AGB dynamics for monocultures and mixtures for both models for our scenarios in Section 2.3.2.

2.3.1 Model calibration and evaluation

Model calibration was successfully conducted for both models following the procedures described in

A.1. Overall both calibrated models reproduced the observed data from monocultures of the main ex-

periment well for AGB (described as organic dry matter), LAI and (for GRASSMIND) height, but not

for cover. Agreement with the experimental data varied between the models and for different species

(Fig. A.2-4).

We were able to calibrate LPJmL and represent four different species modifying only four parameters.

The parameter sets of the four species were derived during the calibration starting from the same initial

parameter values for all species. LPJmL showed good agreement with data on LAI (RMSE 0.53 to 1.18

m2m−2) and moderate agreement with AGB observations (RMSE 46.4 to 245.8 gDMm−2), but data

on cover did not agree well (RMSE 0.24 to 0.59 m2m−2). Simulated cover values of monocultures

in the calibration of LPJmL were low compared to observations. In LPJmL, plant size is not explicitly

simulated and cover is calculated as foliage projected cover (FPC) from the LAI assuming a strong

connection of the two (see 2.2.1.1). Using both LAI and cover in the calibration results in a trade-off in

favour of the one that leads to better results for AGB. Furthermore, since observed cover was estimated

visually, we assume LAI observations to be more reliable and attribute only minor importance to the fit

of cover for LPJmL.

The calibration of GRASSMIND for the four monocultures required the fit of 13 species-specific pa-

rameters and also included the vegetation height, in addition to the observed LAI, cover and AGB.

Good agreement of GRASSMIND was achieved for LAI (RMSE 0.47 to 0.71 m2m−2) as well as for

vegetation height (RMSE 0.083 to 0.218 m) and AGB results agreed moderately with observations

(RMSE 34.0 to 236.6 gDMm−2). As in LPJmL, GRASSMIND simulations did not agree well with

the observed data on cover (RMSE 0.22 to 0.46 m2m−2), but in contrast to LPJmL, GRASSMIND

overestimated vegetation cover. In the simulation of GRASSMIND, vegetation cover is derived from

individual plant sizes and allowed to settle around 100%. For the model calibration, observed vegetation

cover (excluding weeds and dead material) is therefore compared only with the cover of green leaves

of the simulated plants (excluding standing senescent leaves). Note, that the calibration here differs

from previous calibrations of GRASSMIND (Taubert et al., 2020b) to harmonize the study design and

simplify the comparison of the two models (see section A.1 for a detailed description of the calibration

procedure).
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2.3.1.1 Deviations from observations

Although AGB values agreed only moderately with the observations, the agreement with the majority of

the data is significantly better, because a major share (LPJmL: 51 to 81% and GRASSMIND: 57 to 87%)

of the sum of square errors SE can be attributed to only two of the twelve observation dates for each

species (Fig. A.5-7). The observations can be partitioned into high AGB and low AGB observations.

For all the plots we used, high AGB observations were sampled in the early years (2002 to 2004) of

the experiment, while observations from the later years showed substantially lower AGB because of a

decrease in productivity (Marquard et al., 2013). A large share of the sum of SEs is related to the high

AGB observations in the early years. This high productivity at the beginning of the experiment cannot

be reproduced by either model. This may be a results of the uncertain initial soil conditions (e.g. soil

fertility) because of the unknown management history prior to the experiment in Jena but may also be

related to the obtained parameterizations. For both models, selected parameter values are static and

cannot change over time, therefore as long as the environmental conditions and management remain

similar, the models do not simulate any temporal trends. To adequately simulate the high AGB levels in

the early years of the experiment a different set of parameter values would be needed. However, since

the majority of the data consists of low AGB samples collected after the decrease in productivity the

calibration procedure returns a set of parameter values which reproduce this subset of the observations

well. We were able to confirm this with our evaluation (Fig. 2.2) where we used the AGB observations

from the monoculture experiments (Heisse et al., 2007). Here, the RMSEs of both models were very

similar (e.g.: 81.7 gDMm−2 for LPJmL and 77.8 gDMm−2 for GRASSMIND for P. pratensis). The

data from the monoculture experiment show the same productivity decrease as the main experiment

and similar to the calibration, a major share of the SE (55 and 82 %) can be attributed to only two

observations (Fig. A.8).

2.3.2 Aboveground biomass dynamics and resource competition

In our comparison we focus on the differences and similarities in the AGB dynamics of both models

for the different scenarios. We ordered the description of the results so that differences in climatic

conditions and management to the baseline scenario increase step by step. First, we present results

for our baseline scenario, Baseline Mow (see 2.3.2.1), which — while already using climate data with

reduced variability (see 2.2.2.3) — is not subject to additional precipitation reduction and uses the stan-

dard management (as also used in the calibration and evaluation). Second, we compare the result from

Baseline Mow to the drought scenarios (ModD Mow and ExtrD Mow see 2.3.2.2) in which precipita-

tion reductions are prescribed. Third, we compare Baseline Mow, ModD Mow and ExtrD Mow to the

scenarios without mowing Baseline NoMow, ModD NoMow and ExtrD NoMow (see 2.3.2.3).
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Figure 2.2: Simulated and observed AGB in gDMm−2 for P. pratensis (a), P. lanceolata (b), F. praten-
sis (c) and F. rubra (d) for GRASSMIND (red) and LPJmL (blue). Coloured lines and
labels show model results and RMSE, grey points show observations used for the evalua-
tion. Observations are the median of samples for each date and error bars show one standard
deviation. If three or less observations were available all observations were plotted and their
range indicated with a line. Outliers are highlighted with labels and arrows.
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Figure 2.3: Mean (µ) AGB in gDMm−2 for GRASSMIND (red) and LPJmL (blue) averaged over
all simulation years for each day of the year for monocultures (a,b,c,d) and two-species
mixtures (e,f,g,h,i,j). For mixtures total AGB (top) and species specific AGB (bottom) are
shown separately. Coloured ribbons show µ± σ.
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2.3.2.1 Simulated dynamics in the baseline scenario with mowing

The monoculture simulation experiments under the baseline rainfall treatment with mowing (Fig. 2.3

a-d) show similar overall means in AGB in both models. AGB values are highest for F. rubra (LPJmL:

126 gDMm−2 and GRASSMIND: 106 gDMm−2) and lowest for P. pratensis (LPJmL: 41 gDMm−2)

and P. lanceolata (GRASSMIND: 36 gDMm−2). However, the intra-annual dynamics indicate strong

differences between LPJmL and GRASSMIND: The variation of AGB between seasons is much more

pronounced for GRASSMIND than for LPJmL, with lower AGB in winter but for most species higher

AGB during the summer months. This is connected to the different process implementations in both

models that are used to derive NPP from GPP and autotrophic respiration and AGB losses in the form

of turnover and mortality (see 2.2.1 and 2.4.1). For the two-species mixture experiments (Fig. 2.3 e-j)

the AGB dynamics are driven by the dominant species. The dominant species can either be the same

(Fig. 2.3 e-g) with similar differences in mean values as in the monocultures or different (Fig. 2.3

h-j ) with larger discrepancies in mean values. In addition to NPP and AGB loss from turnover and

mortality, competition between species affects the AGB dynamics. While these processes are sufficient

to explain the off-season AGB dynamics, the additional reduction from mowing has to be considered for

the dynamics within the growing season. The effect of mowing strongly differs between the two models

(Fig. 2.3a-j) and is the underlying reason for the different AGB peaks during the growing season.

In LPJmL, 47.6 to 207.0 gDMm−2 is on average removed by mowing. This amount is significantly

smaller in GRASSMIND (1.4 to 31.3 gDMm−2). The large differences in biomass reduction are related

to the different implementations of the mowing routines and the representation of the plants themselves.

In both models, the dominant species exploit available resources more efficiently, which is related

to the parameterization of the species. Higher parameter values for important traits are directly related

to a higher competitive strength (Fig. 2.4). In LPJmL, this is related to the calibrated parameters via

specific processes. While all parameters (Fig. 2.4) are important to calibrate the simulated AGB to

the observations, the leaf to root ratio (lr) and stubble density (ρveg) are of minor importance for com-

petition. Here, the light extinction coefficient (kbeer) and the specific leaf area (SLA) which are used

to calculate FPC are most important. Higher values of these two parameters result in higher FPC

values and the species utilize space more effectively. kbeer is highest for the most competitive species

(F. rubra) and lowest for the least competitive species (P. pratensis). SLA is less important and only

influences competitive strength for species with similar kbeer values (F. pratensis and P. lanceolata). In

GRASSMIND, benefits of a species in the fast and successful establishment of seedlings, high germi-

nation rate (germ), short time of emergence (tem) and low seedling mortality (mseed), also determine

the competitive strength of that species in mixtures (as for P. lanceolata). In this case, the larger mature

plant mortality (mbasic) weighs less than the favourably low seedling mortality (mseed) because plants
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mature later (higher agerep). Highly productive species (higher maximum gross leaf photosynthesis

pmax, higher SLA, higher shoot-root ratio sr) can be more competitive in mixtures which, however,

can be altered by self-shading (high height-width ratio hw) or shading by other plants (low hw), by fast

leaf senescence (low lls) or waterstress-related attributes. The latter are of specific importance as we

show in Section 2.3.2.2, while water use efficiency (WUE) and allocation rate of net productivity to

shoot biomass (allocshoot) are only of minor importance (as for P. pratensis).
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Figure 2.4: Normalized parameter values for GRASSMIND (red) and LPJmL (blue) for parameters im-
portant for species competition. Full circles show parameters which are not comparable
between the two models and half circles show parameters used similarly in both models.
The different species are ranked by competitiveness with the label size, ranging from most
competitive (large) to least competitive (small).

2.3.2.2 Effects of rainfall reduction

In both models, the AGB decreased during the drought treatments with mowing (Fig. 2.5d and A.27-

31d). Overall, effects were qualitatively the same for both the moderate and the extreme drought and

just differed in their order of magnitude for both models. We compared the lowest AGB values during

the drought (Fig. 2.5e and A.27-31e i.e. the maximum difference between the baseline and the drought

scenarios) for both models. While the smallest differences between the baseline and drought scenarios

are similar between the two models during the moderate and the extreme drought (LPJmL: -13.9 and

-23.1 gDMm−2; GRASSMIND: -11.5 and -12.0 gDMm−2), in GRASSMIND the largest differences

are more extensive (-130.5 and -170.7 gDMm−2) than in LPJmL (-77.2 and -110.5 gDMm−2). The

decrease of AGB under drought is a result of the reduced water uptake (Fig. 2.5e and A.27-31e) after

soil water resources in the first 20 cm of the soil are depleted. This depletion of soil water content

is stronger in GRASSMIND (-20% Fig. 2.5b and A.27-31b). Here, the permanent wilting point is

reached and no water is available for transpiration, leading to no plant growth (i.e. GPP) at all and a fast

decline of AGB, caused by continued mortality and turnover. In LPJmL, the soil water depletion is less
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severe (-13 to -14%) but the reduced water supply also limits GPP. The balance of the reduced GPP, the

respiration (which is not affected by the drought) and turnover becomes negative and AGB decreases.

Compared to GRASSMIND, this results in a smaller and slower decline of AGB.

After the end of the drought treatment, soil water resources are replenished. In both drought scenarios

a similar soil water content compared to the baseline scenarios is reached shortly after the end of the

drought (Fig. 2.5b and A.27-31b). However, in all scenarios, the soil water content remains below field

capacity because of the low July precipitation which results in additional water stress (Fig. 2.5c and

A.27-31c).

After the end of the treatment, vegetation recovers at different speed in both models. In GRASS-

MIND, the recovery is fast and the AGB reaches a pre-treatment level soon after the soil water is replen-

ished (Fig. 2.5d and A.27-31d). In LPJmL, recovery is slower and AGB two years after the treatment

can still be substantially lower than the pre-treatment AGB. After a complete recovery, the AGB of the

scenarios with rainfall reduction treatments and the baseline scenario are the same, because of identical

environmental and management conditions. In LPJmL, all simulated species suffer from the drought

and only start recovering after the end of the drought. In GRASSMIND, this is similar except for P.

lanceolata which after a short period of AGB losses, already gains biomass (i.e. positive GPP) during

the drought. This is the only deep rooting species with higher values of the parameters of the rooting

depth power law relationship (rd1 and rd2). These ensure a good species performance and competition

even during the precipitation reduction were P. lanceolata takes advantage of water in deeper soil layers

(Fig. A.27,29 and 30) and benefits from the reduced crowding mortality.

2.3.2.3 Comparison of mowing effects

Mowing has very different effects in the two models in the monoculture and mixture simulations for

the baseline scenario (Fig. 2.6a and A.32-36a). In GRASSMIND, mean AGB values are barely higher

in the baseline scenario without mowing than with mowing (-1.5 to +4.5 gDMm−2), while in LPJmL

these are considerably larger (+90.6 to +210.7 gDMm−2). As established in Section 2.3.2.1, mowing

plays an important role for AGB dynamics. In GRASSMIND, the amount of biomass reduced is not

pre-determined but linked to the plant height structure of the community (i.e., frequency of large and

small plants). Because only a few individuals exceed the mowing height (here 0.1 m) the reductions

from mowing are small. In contrast, in LPJmL vegetation height is not simulated and mowing directly

reduces AGB to a predefined threshold.

The effect of mowing on mean AGB also alters the effect of the moderate and extreme precipitation

reduction, increasing the differences between the models (Fig. 2.6b,c and A.32-36 b,c). Losses during

the reduction treatment are similar to those in the scenarios with mowing in GRASSMIND (-7.2 to
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Figure 2.5: Simulated and observed (Fischer et al., 2019) fractional soil water content at the Jena Exper-
iment site (a), relative changes of soil water content in m3m−3 (b), absolute changes of soil
water content in m3m−3 as well as daily precipitation in mm with reduction for ModD (light
grey) and ExtrD (light and dark grey) (c), absolute changes in AGB (d) in gDMm−2 and
relative changes in transpiration (e) caused by the moderate (dotted) and extreme (dashed)
droughts for LPJmL (blue) and GRASSMIND (red). Simulation results of mixture of P.
pratensis and F. pratensis using observed weather data (a) and average climate (b-e).
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-160.1 gDMm−2), but strongly increase in LPJmL (-70.8 to 156.5 gDMm−2), because the generally

higher AGB leads to higher turnover and respiration (Fig. A.19). As in the scenarios with mowing, com-

munity composition was barely affected in the scenarios without mowing, regardless of the precipitation

reduction treatment (Fig A.14,22,23).

a) GRASSMIND
LPJmL
With mowing
Without mowing

100

200

100 200 300
Doy

A
G

B
 [g

O
D

M
m

−
2 ]

b)

−150

−100

−50

0

50

01 Apr 01 May 01 Jun 01 Jul 01 Aug 01 Sep
Date

∆A
G

B
 [g

O
D

M
m

−
2 ]

c)

−150

−100

−50

0

50

01 Apr 01 May 01 Jun 01 Jul 01 Aug 01 Sep
Date

∆A
G

B
 [g

O
D

M
m

−
2 ]

Figure 2.6: Mean (µ) AGB in gDMm−2 for GRASSMIND (red) and LPJmL (blue) for the sum
of the two-species mixture of P. pratensis and F. pratensis (a). Coloured ribbons show
µ± σ. Horizontal lines show overall mean for Baseline Mow (dot-dashed) and Base-
line NoMow (solid). Difference between Baseline Mow and ModD Mow (dot-dashed) and
ModD NoMow (solid, b) and ExtrD Mow (dot-dashed) and ExtrD NoMow (solid, c) be-
tween April and October of the drought year.

2.4 Discussion

Differences in simulated responses of monocultures and two-species mixtures to drought and mowing

can be related to process representations of above- and below-ground resource competition, as well

as of water dynamics and community representation. Even though we could not test the relevance of

individual processes, the differences between model results and implemented features can shed some

light on the importance of different mechanisms and model features for simulated dynamics.

2.4.1 Above-ground biomass seasonality

The two models show substantially different intra-annual AGB dynamics for which we identified sev-

eral underlying mechanisms. Strongest differences were found during the off-season, where no data

is available from the Jena Experiment for calibration or evaluation of the models, suggesting that the
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calibration process helped to reduce differences between models.

2.4.1.1 Processes determining AGB

Our simulations show that GPP and NPP have higher average and peak values for GRASSMIND (Fig.

A.9,10). Gains in biomass are resulting from NPP, which is dependent on GPP. Both are controlled by

LAI and cover, which also show higher average and peak values for GRASSMIND (Fig. A.11,12), and

together with the amount of absorbed radiation determine the rate of photosynthesis. Here, the models

use different process realisations: In GRASSMIND, vegetation height and LAI of each individual deter-

mine its GPP from which respiration losses are subtracted to obtain NPP. In LPJmL, cover (calculated

as FPC using LAI) is used to determine the amount of absorbed radiation and resulting GPP. Simi-

lar to GRASSMIND, autotrophic respiration is subtracted to obtain NPP. Both models account for the

effect of shading differently: GRASSMIND directly via interactions between individuals and LPJmL

indirectly within the calculation of cover. While the high LAI values for GRASSMIND result in high

productivity, the lower LAI values for LPJmL lead to low cover values and lower productivity. The

higher productivity of GRASSMIND can only lead to the similar average value of AGB we observed

for the two models, if it is counteracted by higher losses. These result from age- and overcrowding-

related mortality and turnover, as well as mowing during the growing season (Fig. A.13). Turnover

and in the case of GRASSMIND also age mortality constantly contribute to these losses (independent

of environmental conditions and management), but with different magnitudes in both models. Losses

from overcrowding are linked to total plant cover and describe competition for space, which can lead

to decreased establishment and increased mortality in both models. In GRASSMIND, cover includes

alive and standing senescent biomass. Here, available space is always fully occupied, leading to a con-

stant loss of biomass from overcrowding. This loss arises from the number of individuals that die from

overcrowding which is dependent on the number of individuals present and the total cover of the plot

(Tab. A.8). In GRASSMIND, competition for space occurs between conspecifics (individuals of the

same species) and heterospecifics (individuals of different species) and is therefore also effective in

monocultures, whereas in LPJmL competition for space occurs only between different species, so that

losses due to overcrowding do not occur in monocultures and observed losses result from turnover (Fig.

A.12 a-d).

2.4.1.2 AGB dynamics outside and during the growing season

The higher winter AGB in LPJmL compared to GRASSMIND originates in the model-specific repre-

sentation of the leaves. In both models, AGB is the entire amount of standing biomass. In LPJmL, a

distinction between photosynthetically active (green) and already senescent leaves (yellow) is not made,
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but a constant proportion of the total leaf biomass is transferred to the litter pools each day of the year.

In GRASSMIND, such a distinction is made, but yellow AGB is constantly transferred to the litter so

that AGB consists predominantly of green leaf biomass. This results in a larger reduction of the AGB

during the off-season. Therefore, AGB shows high values during the growing season, but low values

during the off-season in GRASSMIND, while in LPJmL despite similar GPP and NPP, AGB values are

higher.

These differences are sufficient to explain the off-season deviations between the models, where

biomass losses from overcrowding lead to the lower AGB of GRASSMIND. However, to fully ex-

plain the differences within the growing season, the additional reduction of AGB from mowing has to

be considered. The effect of mowing strongly differs between the two models (Fig. 2.3a-j). In GRASS-

MIND, the vegetative height of the individuals is explicitly simulated, and during mowing events only

larger individuals are reduced. Because the simulated height distribution of the community is often

skewed towards smaller individuals, biomass reductions are small. In LPJmL, height is not simulated

explicitly and the amount of extracted biomass is determined as the difference between total AGB and

a predefined residual biomass. This results in the different AGB during the peak growing season.

We are aware that monocultures and two species mixtures are not representative for the diversity of

grassland communities and are thus difficult to compare to observations from other grassland ecosys-

tems. Nevertheless, empirical studies that support both types of AGB seasonality exist. AGB dynamics

of LPJmL are comparable to observations of total AGB (e.g. Poyda et al., 2020) while the dynamics in

GRASSMIND are similar to observations of green AGB (e.g. Inoue et al., 2015).

2.4.1.3 Processes controlling drought response

The comparison to the scenarios with a moderate and extreme drought showed an effect of the drought

on AGB during and after. Although water became limiting during the drought, competition for space

remained strong and the community compositions of the two-species mixtures were barely affected.

In none of the mixtures the subordinate species gained a substantial advantage in either of the models

(Fig. A.20,21). Both the moderate and the extreme drought lead to short term reductions of AGB

followed by a full recovery. The drought effect was stronger in GRASSMIND, where water uptake is

only limited by the available soil water. If this falls below a threshold, water stress occurs regardless of

plant water demand, which in reality might still be fulfilled even under a reduced water supply. On the

contrary, in LPJmL plant water demand is calculated depending on the potential canopy conductance

(which is derived from the productivity of the AGB) and compared to the supply. Therefore, even

if the soil water content is low, especially species with a low AGB may not suffer from water stress

even under a reduced soil water content. The water stress during the drought directly inhibited growth
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of new biomass. However, the losses depicted in Section 2.4.1.1 are only indirectly affected by the

environmental conditions through the reduced amount of available biomass or covered area and remain

substantial (Fig. A.24-26). This changes the balance between biomass gains and losses and leads to an

overall decline of above-ground biomass.

In GRASSMIND, the drought affects the community structure which consists of different individuals,

leading to different productivity and mortality patterns compared to the baseline scenario. In contrast,

in LPJmL the average individuals adjust to the changing conditions and become similar to the baseline

scenario after a full recovery.

2.4.1.4 Recovery after drought

While recovery from drought in GRASSMIND was fast, it took up to two years in LPJmL. Drought

recovery depends on a number of factors and evidence from observational studies exists, supporting the

fast recovery (e.g Hofer et al., 2016) as well as the slow recovery (e.g. Sala et al., 2012). However,

the different model responses to similar conditions suggest drought recovery is not well captured by

the models and additional research is needed. For this, we provide some insight on the mechanisms

implemented in both models: In GRASSMIND, the fast recovery is possible, firstly because water

stress is only dependent on supply. As soon as the soil water supply is replenished, while the demand is

still lower than before the drought, the water stress penalty is removed which allows optimal growth of

newly established seedlings. Secondly, plants in GRASSMIND do not change or adapt specific traits in

response to drought events, like the allocation of NPP to above- or below-ground biomass or the water-

use efficiency. In LPJmL, recovery takes longer because of two reasons. First, the loss of vegetation

during drought reduces the water demand and limits productivity even after soil water is replenished.

Second, water stress triggers an increased resource allocation to the roots, i.e. below-ground biomass

(BGB), which is not reversed instantaneously when carbon assimilation or vegetation carbon is low.

The additional allocation to BGB during and shortly after the drought results in a lower AGB implying

also reductions of FPC. As FPC is used as an estimate of the covered part of the plot and therefore

controls the access to resources, the calculation of plant-available water is reduced to the covered share

of the plot.

2.4.2 Species interaction and community assembly

We identified competition for space as the main driver of species interactions in both models (see 2.4.1).

Despite the differences in AGB, the competition for space shows a weak seasonality in both models. In

LPJmL, this depends on the LAI, which shows a weak seasonality and therefore, the competition for

space is similar within and outside the growing season. In GRASSMIND, the AGB and LAI seasonality
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are more pronounced but both have no effect on the competition for space, which is determined from the

cover. This is high within and outside the growing season and so is competition for space. Coexistence

between species without one species being strongly dominant occurred in GRASSMIND and LPJmL

only in rare cases of mixtures, when species showed similar competitiveness. Stable coexistence has

to be achieved to assess the effects of plant species richness, because it is a precondition for long-term

maintenance of diversity (Turnbull et al., 2013). To achieve this, fitness as well as niche differences have

to be simulated appropriately (Chesson, 2000) and process representations need to be improved. For

GRASSMIND, additional insights on community dynamics could be gained through the extraction of

density dependence functions of the different species mixtures (Han et al., 2019). However, for LPJmL

the density dependence functions would always be constant because only one average individual is

simulated to represent an entire species. Therefore, we did not pursue this further but instead focused on

identifying key processes by assessing the role of specific parameters (2.4.2.1) and responses to changes

in environmental or management conditions (2.4.2.2).

2.4.2.1 The role of specific model parameters

In both models, the species that grow fast (higher SLA) and intercept light more efficiently (higher

kbeer) are more competitive. These two parameters have a strong influence on simulation results which

is in line with findings from sensitivity analyses (see A.1 and Forkel et al., 2014; Hetzer et al., 2021;

Schmid et al., 2021; Taubert et al., 2020a; Zaehle et al., 2005). Even though the different shoot:root

ratios between species lead to different overall root carbon, competition for below-ground resources

does not play a major role. However, in LPJmL only the assumed species-specific vertical distribution

of roots and in GRASSMIND the maximum rooting depth, are considered for water uptake, neglecting

the horizontal branching of root networks. In LPJmL, the vertical root distributions are similar for the

simulated species, as is the maximum rooting depth in GRASSMIND, except for P. lanceolata which

had access to deeper soil layers than the other species. Nevertheless, competition for space outweighed

that for below-ground resources.

2.4.2.2 The effect of drought and mowing on competition

A moderate or extreme drought leads to major reductions in biomass but does not or only barely change

the interaction between the species. In neither model, root biomass is considered for the calculation of

water supply. Instead LPJmL determines the access to soil layers based on the vertical root distribution

and uses cover to distribute available water between species. GRASSMIND determines access depend-

ing on rooting depth assuming roots are equally distributed among accessed layers and uses potential

GPP to calculate the individual plants’ water demand which is reduced by a multiplicative factor under
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water stress to determine uptake. This underpins that competition is driven by above-ground processes

and emphasizes the necessity to focus future model development on below-ground plant organs and pro-

cesses. This may be a challenging task since knowledge on root traits, below-ground processes and driv-

ing forces are distinctively harder to obtain from field experiments and observations (Delory et al., 2017;

Polomski and Kuhn, 2002). Recent efforts to build a global database for root traits (Guerrero-Ramı́rez

et al., 2021) may help to better inform parametrization of root distributions and access to soil resources.

Comparing the scenarios with and without mowing revealed not only substantial differences in the effect

of mowing on AGB but controversially showed that mowing affects competition for space differently

for both models. In LPJmL, mowing increases the competition for space. This is best illustrated using

the mixture of P. lanceolata and F. pratensis. Here, stable coexistence of two species emerges in the sce-

narios without mowing, but F. pratensis dominates in the mown scenarios. In LPJmL, these two species

have similar competitive strength (see 2.3.2.1). Following this, we hypothesize that mowing increases

competitive pressure in LPJmL and the stronger competitor is dominant even at small differences be-

tween two species. Mowing in LPJmL reduces the AGB to a species specific residual. However, this

residual is scaled with the species FPC to constrain the total residual biomass of the community. When

the species have similar AGB, they constitute a similar FPC and the species with the higher species

specific residual (ρveg) has an advantage in the scenario with mowing but not in the scenario without

mowing. If the competitive strength of the two species differs, the dominant species with the higher

FPC always has an advantage. In GRASSMIND on the other hand, competition for space is stronger

in the scenarios without mowing, because mowing shifts the individuals’ height to width relationship,

which leads to increased investments into height growth after a mowing event and a reduced investment

into area growth and competition for space between conspecifics and heterospecifics. Without mowing,

the individuals can continuously invest more of their productivity into expansion leading to an increased

competition for space and overcrowding mortality. While we did not observe any changes in community

composition in our simulations, these can occur if the species have different geometrical properties. For

example, a species producing smaller and wider individuals would outcompete a species producing tall

and thin individuals in the scenario with mowing and vice versa in the scenario without mowing.

2.4.3 Limitations

Our model comparison focused on differences and similarities of two grassland models. To compare

the models, we developed a calibration setup using only observation data from monocultures. The rare

emergence of coexistence between two species in GRASSMIND simulations results from this constraint

to monoculture observations included in the calibration and the fixed non-adaptive behaviour of plant

traits. Results from a recent study with GRASSMIND (Taubert et al., 2020a) showed coexistence of
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P. pratensis and P. lanceolata similar to observations, calibrating on observational data of monocul-

tures and mixed patches. In contrast, we only used monoculture data for calibration. As plant traits

in GRASSMIND are fixed and do not change in response to species interactions, the calibration of

this study captures predominantly intra-specific plant interactions rather than inter-specific interactions.

Further, we here prescribed similar seed recruitment rates for the analysed monocultures and mixtures

which already changes the competitive strength of some species (in contrast to Taubert et al., 2020a).

The better reproduction of coexistence of species in Taubert et al. (2020a) in comparison to our setup

suggests that calibration should be done against data that include inter-species interactions, which may

otherwise be lost in the simulations. The more balanced species composition in GRASSMIND may

emerge because the individual based approach and the explicit simulations of plant geometry gener-

ally allows a broader representation of different ecological strategies. Competition for space between

conspecifics and heterospecifics is simulated depending on the geometry, while competition for other re-

sources is more dependent on functional traits. In LPJmL, plant geometry is not simulated and the FPC

is extensively used, not only in the competition for space, but also for other resources such as light and

water. This contains the assumption that an investment in increased AGB (leading to an increased FPC)

will improve both above- and below-ground resource exploitation similarly, while investments in BGB

do not yield any advantage. This assumption may be valid for productive habitats, where only radiation

but not below-ground resources are limiting and increased investment in BGB has no advantages. In

these habitats, species following a competitive strategy with a fast exploitation of available resources are

dominant. In other habitats (e.g. where below-ground resources are limited) a mix of species following

different ecological strategies may emerge. However, controlling the resource exploitation for multiple

resources using the same traits, precludes the trade-offs between different strategies and leads to the

dominance of competitive species in all habitats. Here, different resource exploitation strategies and the

trade-off between resource exploitation and stress tolerance have to be considered. The data available

from observations additionally limited the calibration setup (see 2.3.1). Only two observations per year,

both within the growing season, were available and therefore the seasonality can not be inferred from

the data. Data for all monocultures show a strong decrease in soil fertility and AGB a few years after the

start of the experiment (Weisser et al., 2017). This decrease cannot be captured by the models, which

only capture the low values well.

Additional limitations were introduced by our scenarios. First, the simulated drought does not con-

sider changes in radiation, humidity, wind speed and temperature which covary (Mishra and Singh,

2010; Wilhite, 2000) and is therefore comparable to a rainfall exclusion experiment (Reynolds et al.,

1999; Yahdjian and Sala, 2002) instead of a real world drought. Second, mowing was conducted at

a height of 10 cm at the Jena Experiment. However, while in GRASSMIND the height is explicitly

simulated and, therefore, the mowing height can be defined as an input, in LPJmL this is not possible,
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and the residual biomass after mowing is used as a proxy for mowing height. Since no data on residual

biomass was available from the Jena Experiment, we cannot evaluate whether the mowing simulated in

the models is a realistic approximation of the mowing conducted at the Jena Experiment.

Both models did not reproduce the variability of the observed soil water content (see Fig. 2.5a and Fig.

S2.1), which for LPJmL is in line with a recent study on nitrogen emissions (Lutz et al., 2020). However,

the importance of these discrepancies for the observed responses of AGB and community composition

remains unclear and we see the need for an in-depth study of soil water dynamics, especially considering

that other recent studies suggest that the drought response is not well captured in terrestrial biosphere

models (Bastos et al., 2020; Paschalis et al., 2020).

2.4.4 Fields of model development

Our comparison highlighted fields to consider for future model development. While the inclusion of

other models of grassland dynamics was beyond the scope of our analysis, GRASSMIND and LPJmL

are representative of specific types of models (see 2.1.3) for which comparable model representatives

may show similar or additional challenges but also potential solutions when applied to the same research

questions and settings as pointed out here. The core of numerous models is the productivity in the form

of photosynthesis. The simplified Farquhar photosynthesis model (e.g. in LPJmL, Farquhar and Caem-

merer, 1982) has a great depth of biochemical detail, while the single-leaf photosynthesis model (e.g.

in GRASSMIND, Thornley and Johnson, 1990) uses a more aggregated calculation integrated over the

individuals projected area (Taubert et al., 2012). An even simpler approach just uses light-use efficiency

(e.g. LINGRA, Schapendonk et al., 1998). In all of these approaches, water stress is considered by a

reduction of productivity at optimal water supply by either a reduction factor (GRASSMIND, LINGRA)

or an adjustment of the maximum carboxylation rate Vmax (LPJmL). Our study shows that both options

simulate a response to drought, however this is mediated by the interaction with the representation of

soil water dynamics, which can strongly impact onset, duration and recovery time of the drought re-

sponse. Additionally, the current representation of photosynthesis is aggravating realistic simulations of

rainfall exclusion experiments or droughts and future model development should include non-stomatal

limitation of photosynthesis (e.g. reduced RuBisCo activity, Medrano et al., 1997; Parry et al., 2002)

during drought (Zhou et al., 2017).

Furthermore, in both models, transpiration response to water stress is modelled linearly and transpi-

ration reduction is overestimated for soil water levels close to field capacity. Experimental data however

suggest a nonlinear relationship (see Verhoef and Egea, 2014, for a collection of experiments). A vari-

ety of nonlinear approaches exist, however since we did not test their suitability for the different model

types, we do not give a recommendation but refer to Dewar (2002) and Egea et al. (2011) and Verhoef
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and Egea (2014) for further reading.

Competition was focused on space and light, while below-ground processes played a minor role. So

far, only the distribution but not the amount of BGB is used for resource competition and trade-offs

between higher investments in AGB or BGB cannot be represented. This may be attributed to the orig-

inal development for a temperate climate. However, this missing strategy trade-off is one reason why

the simulated drought had little impact on competition dynamics. Additionally, drought response could

be improved by systematically testing and incorporating drought escape (Kooyers, 2015; Norton et al.,

2016) and tolerance (Ratzmann et al., 2019a; Ratzmann et al., 2019b; Zwicke et al., 2015) strategies

in the existing model structures or implement hydraulic failure of severely stressed vegetation (see e.g.

Kennedy et al., 2019; Sperry et al., 2016). The Hurley pasture model (Thornley, 1997; Thornley, 1998)

follows a resistance approach considering root mass, root density and the resistance in the bulk soil

(Thornley, 1996; Thornley and Verberne, 1989) that could be feasible for models using a light-response

function and can likely be adapted for a Farquhar approach. Drought response is not only dependent on

the soil hydrology models used but also depends on the models capacity to simulate specific strategies

for (i) water use efficiency, (ii) carbon allocation, (iii) root distribution and (iv) regeneration of different

species after drought (van der Molen et al., 2011). While numerous approaches to improve soil hy-

drology exist (Deckmyn et al., 2020; Vereecken et al., 2016; Vereecken et al., 2019), the simulation of

coexistence of multiple species and their specific strategies remains challenging (see 2.4.2). To further

improve the models and enable the simulation of stable coexistence and therefore plant species rich-

ness, plant interaction models, which were explicitly designed to assess biodiversity effects may serve

as additional inspiration for model development. A key limitation was the simulation of niche differ-

ences, which are a necessary condition for stable coexistence. In addition to the process improvements

suggested above, adding a hierarchy that determined resource access for each species and resources was

shown to be a feasible approach (Clark et al., 2018). To separate above and below-ground niches, the

below-ground space has to be distributed between species or individuals in addition to the above-ground

space. In GRASSMIND, a refinement of the below-ground geometry (non-uniform vertical root distri-

bution per plant) and hierarchically modelled resource access could be beneficial. For LPJmL, the root

biomass within each soil layer and a species specific lateral distribution could be combined to distribute

below-ground resources.

2.5 Conclusion

Recently, empiricists as well as modellers have suggested biogeochemical models as a potential tool to

complement empirical research to increase the knowledge on interacting responses of biotic and abiotic

components of grasslands to changing environmental conditions and the underlying mechanisms (Van
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Oijen et al., 2020; Wilcox et al., 2020). Currently, approaches that prescribe the species’ share within

the community based on environmental factors, phenology and management exist (Confalonieri, 2014;

Movedi et al., 2019). However, these do not consider the underlying mechanisms explicitly. To enable

process-based models to simulate differently diverse communities and quantitatively assess the effect of

plant species richness, substantial model development is needed. We compared two grassland models

that have been developed at different scales, under different assumptions and for different purposes but

which are representative of several other models. Despite the differences, the models showed similar

weaknesses. Already at low diversity levels (monocultures and two-species mixtures), the models had

difficulties to simulate a balanced community. In the majority of our scenarios, one species contributed

almost the entire biomass of the mixture. While this can partially be attributed to the study design,

a considerable part is related to the process representations in the models. Substantial improvement of

these processes is needed to enable models to also simulate communities that are only weakly dominated

by one species. We identified several responsible processes and suggested potential solutions based on

our findings and available literature. Additionally, we found that the outcome of competition in the

models was determined by the same processes independent of resource availability (Drought did barely

affect species presence), which shows that the representation of trade-offs between different ecological

strategies also needs improvement. As LPJmL and GRASSMIND can be seen as typical representations

for particular types of models, this reveals potential pathways of model development to improve the

interaction between species and drought response for similar models. For other model types, our study

may serve as an example for a structured assessment of implemented processes, that can be used to

identify and address the key parts of the model hindering a more realistic representation of multi-species

communities or species interaction in a structured way. In cases where empirical data is needed to

improve the models, knowing the specific processes that should be developed further is useful to inform

field researchers.

Code and data availability: The model output data used for this study are openly available at https://doi.org/10.
5281/zenodo.4720262.
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Pecháčková, S., V. Hadincová, Z. Münzbergová, T. Herben, and F. Krahulec (2010). “Restoration of Species-Rich, Nutrient-
Limited Mountain Grassland by Mowing and Fertilization”. In: Restor. Ecol. 18.s1, pp. 166–174. ISSN: 1526-100X. DOI:
10.1111/j.1526-100X.2009.00615.x. (Visited on 01/15/2021).

Peltzer, D. A. and S. D. Wilson (2001). “Variation in Plant Responses to Neighbors at Local and Regional Scales.” In: Am.
Nat. 157.6, pp. 610–625. ISSN: 0003-0147. DOI: 10.1086/320623. (Visited on 01/15/2021).
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Volaire, F., M. R. Norton, and F. Lelièvre (2009). “Summer Drought Survival Strategies and Sustainability of Perennial Tem-
perate Forage Grasses in Mediterranean Areas”. In: Crop Sci. 49.6, pp. 2386–2392. ISSN: 1435-0653. DOI: 10.2135/
cropsci2009.06.0317. (Visited on 01/13/2021).

von Bloh, W., S. Schaphoff, C. Müller, S. Rolinski, K. Waha, and S. Zaehle (2018). “Implementing the Nitrogen Cycle into the
Dynamic Global Vegetation, Hydrology, and Crop Growth Model LPJmL (Version 5.0)”. In: Geosci. Model Dev. 11.7,
pp. 2789–2812. ISSN: 1991-959X. DOI: 10.5194/gmd-11-2789-2018. (Visited on 05/31/2023).

Vuichard, N., P. Ciais, N. Viovy, P. Calanca, and J.-F. Soussana (2007). “Estimating the Greenhouse Gas Fluxes of European
Grasslands with a Process-Based Model: 2. Simulations at the Continental Level”. In: Glob. Biogeochem. Cycles 21.1.
ISSN: 1944-9224. DOI: 10.1029/2005GB002612. (Visited on 08/13/2018).

Weaver, J. E. (1942). “Competition of Western Wheat Grass with Relict Vegetation of Prairie”. In: Am. J. Bot. 29.5, pp. 366–
372.

Weigelt, A., W. W. Weisser, N. Buchmann, and M. Scherer-Lorenzen (2009). “Biodiversity for Multifunctional Grasslands:
Equal Productivity in High-Diversity Low-Input and Low-Diversity High-Input Systems”. In: Biogeosciences 6.8, pp. 1695–
1706. ISSN: 1726-4170. DOI: 10.5194/bg-6-1695-2009. (Visited on 11/20/2024).

Weigelt, A., E. Marquard, V. M. Temperton, C. Roscher, C. Scherber, P. N. Mwangi, S. Felten, N. Buchmann, B. Schmid,
E.-D. Schulze, and W. W. Weisser (2010). “The Jena Experiment: Six Years of Data from a Grassland Biodiversity
Experiment”. In: Ecology 91.3, pp. 930–931. ISSN: 1939-9170. DOI: 10.1890/09-0863.1. (Visited on 12/22/2020).

Weiss, L., H. Pfestorf, F. May, K. Körner, S. Boch, M. Fischer, J. Müller, D. Prati, S. A. Socher, and F. Jeltsch (2014).
“Grazing Response Patterns Indicate Isolation of Semi-Natural European Grasslands”. In: Oikos 123.5, pp. 599–612.
ISSN: 1600-0706. DOI: 10.1111/j.1600-0706.2013.00957.x. (Visited on 06/23/2021).

Weisser, W. W., C. Roscher, S. T. Meyer, A. Ebeling, G. Luo, E. Allan, H. Beßler, R. L. Barnard, N. Buchmann, F. Buscot,
C. Engels, C. Fischer, M. Fischer, A. Gessler, G. Gleixner, S. Halle, A. Hildebrandt, H. Hillebrand, H. de Kroon, M.
Lange, S. Leimer, X. Le Roux, A. Milcu, L. Mommer, P. A. Niklaus, Y. Oelmann, R. Proulx, J. Roy, C. Scherber, M.
Scherer-Lorenzen, S. Scheu, T. Tscharntke, M. Wachendorf, C. Wagg, A. Weigelt, W. Wilcke, C. Wirth, E.-D. Schulze, B.
Schmid, and N. Eisenhauer (2017). “Biodiversity Effects on Ecosystem Functioning in a 15-Year Grassland Experiment:
Patterns, Mechanisms, and Open Questions”. In: Basic Appl. Ecol. Biodiversity Effects on Ecosystem Functioning: The
Jena Experiment 23, pp. 1–73. ISSN: 1439-1791. DOI: 10.1016/j.baae.2017.06.002. (Visited on 01/27/2020).

Wilcox, K. R., K. J. Komatsu, and M. L. Avolio (2020). “Improving Collaborations between Empiricists and Modelers to
Advance Grassland Community Dynamics in Ecosystem Models”. In: New Phytol. 228.5, pp. 1467–1471. ISSN: 1469-
8137. DOI: 10.1111/nph.16900. (Visited on 12/07/2020).

Wilhite, D. A. (2000). “Drought as a Natural Hazard: Concepts and Definitions”. In: Drought: A Global Assessment. Vol. 1.
London: Routledge, pp. 3–18.

Williams, D. W., L. L. Jackson, and D. D. Smith (2007). “Effects of Frequent Mowing on Survival and Persistence of Forbs
Seeded into a Species-Poor Grassland”. In: Restor. Ecol. 15.1, pp. 24–33. ISSN: 1526-100X. DOI: 10 .1111 / j . 1526-
100X.2006.00186.x. (Visited on 01/15/2021).

Wright, A. J., L. Mommer, K. Barry, and J. van Ruijven (2021). “Stress Gradients and Biodiversity: Monoculture Vulnerability
Drives Stronger Biodiversity Effects during Drought Years”. In: Ecology 102.1, e03193. ISSN: 1939-9170. DOI: 10.1002/
ecy.3193. (Visited on 03/24/2021).
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Abstract: Forage offtake, leaf biomass and soil organic carbon storage are important ecosystem services of

permanent grasslands, which are determined by climatic conditions, management and functional diversity. How-

ever, functional diversity is not independent of climate and management, and it is important to understand the role

of functional diversity and these dependencies for ecosystem services of permanent grasslands, since functional
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diversity may play a key role in mediating impacts of changing conditions. Large-scale ecosystem models are

used to assess ecosystem functions within a consistent framework for multiple climate and management scenar-

ios. However, large-scale models of permanent grasslands rarely consider functional diversity. We implemented

a representation of functional diversity based on the competitor, stress-tolerator and ruderal (CSR) theory and the

global spectrum of plant form and function into the Lund Potsdam Jena managed Land (LPJmL) dynamic global

vegetation model (DGVM) forming LPJmL-CSR. Using a Bayesian calibration method, we parameterised new

plant functional types (PFTs) and used these to assess forage offtake, leaf biomass, soil organic carbon storage and

community composition of three permanent grassland sites. These are a temperate grassland and a hot and a cold

steppe for which we simulated several management scenarios with different defoliation intensities and resource

limitations. LPJmL-CSR captured the grassland dynamics well under observed conditions and showed improved

results for forage offtake, leaf biomass and/or soil organic carbon (SOC) compared to the original LPJmL 5 ver-

sion at the three grassland sites. Furthermore, LPJmL-CSR was able to reproduce the trade-offs associated with

the global spectrum of plant form and function, and similar strategies emerged independent of the site-specific

conditions (e.g. the C and R PFTs were more resource exploitative than the S PFT). Under different resource

limitations, we observed a shift in the community composition. At the hot steppe, for example, irrigation led

to a more balanced community composition with similar C, S and R PFT shares of aboveground biomass. Our

results show that LPJmL-CSR allows for explicit analysis of the adaptation of grassland vegetation to changing

conditions while explicitly considering functional diversity. The implemented mechanisms and trade-offs are

universally applicable, paving the way for large-scale application. Applying LPJmL-CSR for different climate

change and functional diversity scenarios may generate a range of future grassland productivities.

3.1 Introduction

Permanent grasslands deliver multiple ecosystem services, one of which is their role as a source of feed

for livestock across the globe (White et al., 2000). Another service is their soil organic carbon (SOC)

storage, which has the potential to contribute to climate change mitigation (e.g. Godde et al., 2020;

Yang et al., 2019). These two important ecosystem services depend on the climatic conditions, soil

properties, management and functional diversity. The climatic conditions and soil properties determine

the availability of important resources for photosynthesis and plant growth. While irrigation and fer-

tiliser management are applied to increase the availability of specific resources and thereby productivity,

grazing or mowing removes biomass, which can affect leaf and root growth and SOC stocks (Bai and

Cotrufo, 2022; Conant et al., 2017). Even though functional diversity of the vegetation is not an inde-

pendent factor but depends on environmental conditions (Fei et al., 2018; Grime, 2001) and management

(Guo, 2007), it also affects forage supply and SOC (Chen et al., 2018; Yang et al., 2019). Furthermore,

functional diversity plays an important role for the resistance and resilience of an ecosystem towards

the impacts of changing conditions and might be essential to maintain the ecosystem functioning and

ecosystem service provision of permanent grasslands under climate change (Guuroh et al., 2018; Isbell
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et al., 2015). Therefore, it is important to understand the role of functional diversity in permanent grass-

lands and its role for ecosystem services such as the amount of biomass removed through mowing or

grazing (in the following referred to as forage offtake), aboveground biomass, and SOC storage.

3.1.1 The role of environmental conditions and management for grassland

vegetation and SOC storage

Forage offtake, leaf biomass, SOC and plant community composition are dependent on environmental

conditions and management. Important factors for plant growth are atmospheric CO2 concentration,

radiation, temperature, water and nutrient supply. Atmospheric CO2 constitutes the basic resource for

photosynthesis, and its rising concentration as well as rainfall patterns can shift the competitive balance

between C3 and C4 grassland species (Schimel et al., 2015; Xie et al., 2022). Provided with sufficient

water and nutrients, grasslands can produce large amounts of biomass, while drought and nutrient stress

lead to lower productivity. Since large amounts of biomass can lead to high carbon sequestration, this

highlights the importance of temperature and precipitation for SOC storage (Wiesmeier et al., 2019).

High precipitation also favours the formation of SOC-stabilising mineral surfaces (Chaplot et al., 2010;

Doetterl et al., 2016) and affects decomposition rates (Meier and Leuschner, 2010). On the other hand,

high temperatures can lead to an increase in microbial decomposition and a decrease in SOC stock (e.g.

Koven et al., 2017; Sleutel et al., 2007) if soil moisture levels are sufficient to permit the formation

of active microbial communities. Highest SOC stocks are generally found in cool humid climates but

decrease towards warmer and drier climates (Jobbágy and Jackson, 2000). Additionally, removal of

aboveground biomass through grazing or mowing may be beneficial for grassland productivity depend-

ing on its intensity (Ruppert et al., 2015) by removing moribund plant material and triggering growth

(over-)compensation. However, mowing and grazing also affect the belowground biomass, and highly

intensive management may lead to overgrazing and cause SOC loss (McSherry and Ritchie, 2013). Still,

global meta-analyses of grazing effects on SOC did not find consistent trends (McSherry and Ritchie,

2013; Piñeiro et al., 2010).

Together, the environmental factors and the management act as filters for the plant functional types

(PFTs) representative of species that are best suited for the specific conditions. Changes in management

or climatic and soil conditions may alter this filtering process and lead to the selection of different

strategies either indirectly through alterations of the resource limitations that can cause shifts in the

competitive balance between functional types (e.g. Tilman and El Haddi, 1992; Yu et al., 2015) or

directly in the case of management by manipulating the species pool through reseeding and weeding

(Weisser et al., 2017) or selective grazing (e.g. Wan et al., 2015).
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3.1.2 Functional diversity and ecological strategies

Functionally diverse ecosystems contain species that follow different ecological strategies and can be

described through a representation of these strategies. We define ecological strategy as the traits a

plant or species uses to occupy a certain habitat. Plants have evolved a range of different ecological

strategies that influence the performance of different species in different habitats. Functional diversity

which underpins robustness against environmental and management change of certain ecosystem func-

tions is related to the presence or absence of specific strategies. For example, a community in which

multiple strategies are present is less vulnerable to fluctuations or changes in environmental conditions

or management (Buzhdygan et al., 2020). To distinguish between different ecological strategies, sev-

eral classification schemes have been developed. The competitor, stress-tolerator and ruderal (CSR)

theory (Campbell and Grime, 1992; Grime, 1977; Grime, 2001) distinguishes three main strategies:

competitive (C), stress-tolerant (S) and ruderal (R) strategies can be placed at the nodes of a triangle,

while intermediate strategies are placed in between. This scheme can be used to classify the average

strategy of a community (e.g. Caccianiga et al., 2006) as well as the strategies of single species (e.g.

Grime, 1974). The main strategies are associated with different plant behaviours. C species are efficient

resource users and grow fast but do not deal well with resource limitations or frequent disturbances.

Opposite are S species which invest resources into more robust tissue that grows slower but enables

them to cope with resource limitations. While both C and S species are vulnerable towards distur-

bance, R species use periods between disturbances to complete their life cycle and have an advantage

in disturbance-prone environments. This different behaviour is expressed through different trait values

which in turn can be used to classify plants according to the CSR theory. A prominent example is the

“global spectrum of plant form and function” which explains differences in ecosystem function using

traits related to growth economics, stature and life cycle (Dı́az et al., 2016) and has been combined with

the CSR theory and applied to single-species communities but also multi-species communities (Pierce

et al., 2013; Pierce et al., 2017). Additionally, several other CSR analysis methods have been developed

(Grime et al., 1988; Hodgson et al., 1999) and applied to compare vegetation function (e.g. Hunt et al.,

2004; Schmidtlein et al., 2012) and to assess various community processes (Pierce et al., 2017), e.g.

resistance, resilience, and coexistence (Lepš et al., 1982); succession (Caccianiga et al., 2006); and the

biodiversity–productivity relationship (Cerabolini et al., 2016). Pierce et al. (2017) provided a method

to classify and compare the CSR strategies of different vascular plants at the global scale, which is use-

ful to assess community assembly in different environments. However, additional methods are needed

to also predict ecosystem functioning and ecosystem service provision of the assembled communities.
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3.1.3 Modelling ecosystem functions of permanent grasslands

To assess forage offtake or leaf biomass and SOC storage of permanent grasslands under different envi-

ronmental conditions and management, models of grassland dynamics can be useful tools (e.g. Chang

et al., 2021; Jebari et al., 2022; Rolinski et al., 2018). Models at the community and plot scale that

incorporate very detailed approaches to simulate functional diversity in a specific context already exist

(e.g. May et al., 2009; Schmid et al., 2021). In contrast, large-scale vegetation models generally use a

very simple representation of the community and do not consider the trade-offs described by the global

spectrum of plant form and function (Dı́az et al., 2016) at all or only partially (e.g. Pfeiffer et al., 2019;

Sakschewski et al., 2015). However, large-scale models provide the means to assess functional diversity

in a wide range of environmental conditions and management interventions to improve projections of

ecosystems functions under future climate change (e.g. Herzfeld et al., 2021; Sitch et al., 2008). In

addition, such models could be useful to improve knowledge on the mechanisms underlying the global

spectrum of plant form and function and help better distinguish local variability from large-scale pat-

terns. To overcome current limitations of large-scale models, simplifications such as the CSR theory

provide the opportunity to incorporate ecological strategies and functional diversity into large-scale

models.

The dynamic global vegetation model (DGVM) Lund Potsdam Jena managed Land (LPJmL) is able

to simulate different grazing or mowing management (Rolinski et al., 2018), irrigation (Schaphoff et al.,

2018), application of manure and synthetic fertiliser (von Bloh et al., 2018), and tillage (Lutz et al.,

2019). The CSR strategies and their relationship to specific plant traits provide a simple way to incorpo-

rate functional diversity into the LPJmL model to include its effects in the assessment of forage offtake

or leaf biomass and SOC storage of grasslands for different environmental conditions and management

scenarios. To this end, we implemented the trade-off associated with the three main strategies of the

CSR theory (Grime, 1977) for managed grasslands in LPJmL using the global spectrum of plant form

and function (Dı́az et al., 2016) to assess

• how important functional diversity is for forage offtake or leaf biomass and SOC dynamics in

different climates and under different management regimes;

• how changing resource limitations affect forage offtake or leaf biomass, SOC, and community

composition.

3.2 Methods

We conducted our assessment at three permanent grassland sites in different climates: a temperate

meadow in northern Germany with favourable climatic conditions for grassland productivity, as well
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as a savanna rangeland in South Africa and a cold steppe pasture in Inner Mongolia (China) with less

favourable climatic conditions. Throughout the rest of the paper, we refer to the sites as temperate

grassland, hot steppe, and cold steppe, respectively, following the Köppen–Geiger climate classification

(Kottek et al., 2006). At each site, we assessed two levels of management intensity which either differed

with respect to the amount of fertiliser applied (temperate grassland) or the defoliation intensity (hot

and cold steppe).

We extended LPJmL to account for trade-offs between C, S and R plant species as described by the

CSR theory (Grime, 1977) using functional traits. We used two strategy axes to distinguish these three

strategies. First, we distinguished between acquisitive (C and R) and conservative (S) strategies using

resource economics. Second, we used reproduction strategies and stature to distinguish between plant

species with large investments in reproduction but a small stature (R) from plant species with small

investments in reproduction with a wide range of statures (C and S). Both strategy axes are expressed

through several model parameters (Sect. 3.2.4).

To represent the different strategies, we parameterised three herbaceous PFTs – one competitive

(C PFT), one stress-tolerant (S PFT) and one ruderal (R PFT) – for each site and management intensity

(see Sect. 3.2.3 for details). Strategies that are in between these three main strategies (e.g. competitive

ruderal or stress-tolerant ruderal) were not reflected by additional PFTs but should be reflected in the

fractional cover of the main strategy (e.g. if a competitive ruderal strategy is advantageous in an envi-

ronment, this results in a higher share of the competitive and the ruderal PFT). We evaluated the new

implementation in the following, referred to as LPJmL-CSR, against forage offtake or leaf biomass and

SOC observations for the different sites.

3.2.1 Overview of managed grassland representations in LPJmL

We extended the LPJmL model version 5 (LPJmL 5), which already included the representation of

managed grasslands using a daily allocation scheme (Schaphoff et al., 2018), four different management

options (Rolinski et al., 2018) and the nitrogen cycle (von Bloh et al., 2018). In this model version, the

dynamics of a grassland were simulated using three herbaceous PFTs that do not distinguish between

forbs and graminoids: one polar C3, one temperate C3 and one tropical C4 herbaceous PFT, which were

constrained to the respective climatic regions by bio-climatic limits. Tree PFTs, which are also part

of LPJmL, were not allowed to establish on managed grasslands, and all further descriptions provided

here of or related to PFTs only concern herbaceous PFTs. As a consequence, all grasslands that are not

located at the border between climatic regions were simulated using only one of these PFTs to represent

herbaceous vegetation. In theory, however, the number of PFTs that could coexist within a grid cell is

not limited. In LPJmL, each PFT represents an entire population of adult plants using the concept of
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average individuals. The PFT describes the carbon and nitrogen stocks of the leaves and roots of an

average individual and the number of average individuals in a population. It follows that the carbon

and nitrogen stocks of the population can be determined by multiplying the average individual stocks

with the number of average individuals. Carbon and nitrogen stocks as well as the number of average

individuals are dynamically calculated each day from the simulated processes: (1) establishment of new

PFTs and reproduction of established PFTs (Sect. 3.2.3.3), (2) biomass accumulation calculated from

gross primary production (GPP) and autotrophic respiration limited by environmental conditions, and

(3) plant turnover. LPJmL represents the response of the vegetation to temperature, water and nitrogen

stress but disregards additional causes of stress such as other nutrient deficiencies, salt, heavy metals,

ozone or UV radiation. At the core of the model is the representation of growth dynamics including

the assimilation and allocation of new biomass through photosynthesis and turnover of senescent tissue.

Each day, the GPP is calculated dependent on radiation, temperature, water and nitrogen limitations

for each PFT. Subsequently, net primary productivity (NPP) is computed by subtracting growth and

maintenance respiration from GPP. In a third step, the assimilated carbon is distributed between leaves

and roots to approach the prescribed optimal leaf mass to root mass ratio. Finally, senescent leaf and

root tissue is transferred to the litter layer.

In LPJmL 5, each herbaceous PFT is represented by one average plant individual. The initial com-

munity composition is not prescribed. Instead, upon initialisation, each PFT is established based on

the PFT-specific establishment rate and offspring biomass (Sect. 3.2.3.3 and 3.2.4.1). The community

composition during each time step emerges from the competition for resources, dependent on the pro-

cesses described above. Different management options are available for irrigation, fertilisation, and

grazing or mowing. In this study, we use the mowing and the daily grazing option to determine forage

offtake. While mowing removes all biomass above a threshold of 50 gC m−2, the forage offtake from

daily grazing depends on the livestock unit’s feed demand (details in Appendix B.1.4 and Rolinski et al.,

2018). The daily grazing option does not account for animal preferences (Rolinski et al., 2018). Irriga-

tion options used here are no irrigation (rainfed) or potential irrigation (no water limitation; Jägermeyr

et al., 2015). Manure fertilisation options were adapted from the crop module (see the Supplement)

and include the amount and timing of manure application. Manure application can be split over several

treatments. In grazed grasslands, 25 % of the grazed carbon (Rolinski et al., 2018) and 50 % of the

nitrogen are returned to the soil as dung or urine of the grazing animals (Huhtanen et al., 2008).

3.2.2 Site description

We conducted our assessment at three different sites (Fig. B.2) which are located in different biomes

with substantial differences in precipitation and temperature, covering the warm temperate fully humid
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Table 3.1: Overview of the environmental conditions and management of the investigated grasslands.
Site Temperate grassland Hot steppe Cold steppe
Location Lindhof, Germany Syferkuil, South Africa Xilin, China
Coordinates 54◦27′N, 9◦57′E 23◦85′S, 29◦7′E 43◦38′N, 116◦42′E
Mean annual temperature [◦C] 9.4 20.5 0.9
Mean annual precipitation [mm] 746 432 329
Köppen–Geiger class Cfb BSh BSk
Soil type Sandy loam Loamy sand Sandy clay loam
Management Fertilisation Cattle grazing Sheep grazing
Experiment unfertilised fertilised ungrazed grazed low intensity high intensity
Forage offtake [Mg DM ha−1 yr−1] 7.9± 1.6 9.2± 2.0 – – 0.4± 0.3 0.6± 0.2
Leaf biomass [Mg DM ha−1 yr−1] – – 1.1± 0.6 1.5± 0.6 – –
SOC depth [m] 0.3 0.3 1
SOC value [Mg C ha−1] 69.7± 3.7 71.9± 3.4 36± 20 273± 60
Literature (DWD, 2021, (Munjonji et al., 2020, (Hoffmann et al., 2016,

Reinsch et al., 2018a, Scheiter et al., 2023) Ren et al., 2017,
Reinsch et al., 2018b) Wiesmeier et al., 2011)

(temperate grassland), the arid hot steppe (hot steppe) and the arid cold steppe climates (cold steppe)

(Kottek et al., 2006), and are subject to different management intensities (Table 3.1).

The temperate grassland is located in favourable climatic conditions and provides high forage supply.

The vegetation is dominated by C strategists with marginal shares of S and R. It is cut four times each

year in May, July, August and September. Data on two experiments were available: an unfertilised (N0)

control and a fertilised (N1) treatment with 240 kg N ha−1 yr−1 in the form of cattle manure split over

four applications at the beginning of the growing season and after the first three cuts (Reinsch et al.,

2018a; Reinsch et al., 2018b).

Arid conditions lead to a lower forage supply for the hot steppe. S strategists dominate the vegetation,

while the R strategy is subordinate and the C strategy is only marginally present. Data for an ungrazed

(C0) control and a rotationally (C1) grazed experiment with a livestock density of 0.1 cows per hectare

with a body weight of around 450 kg were available (Munjonji et al., 2020).

As a result of the low precipitation and temperatures, the cold steppe is least productive. Similar

to the hot steppe, the S strategy is dominant and C as well as R strategists have marginal shares. We

used data of experiments with two different livestock densities of grazing sheep with a body weight of

around 35 kg: the low grazing intensity (S1) of 1.5 sheep ha−1 and the high grazing intensity (S6) with

9 sheep ha−1 (Hoffmann et al., 2016).

3.2.3 Model development

To extend the LPJmL model to simulate different communities in which different ecological strate-

gies are dominant, we focused on three aspects. First, we adapted resource uptake and distribution

(Sect. 3.2.3.1) to improve niche differentiation (see Hardin, 1960). Second, we implemented the trade-

off between fast tissue growth at low construction cost and longevity versus slow tissue growth at high

construction cost and longevity described by the leaf economics spectrum (LES) (Sect. 3.2.3.2; Wright

et al., 2004). Third, we altered the representation of the plants’ lifecycle (Sect. 3.2.3.3) to distinguish
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different reproductive strategies. We provide a qualitative description of the aspects of recent model de-

velopment that are important for LPJmL-CSR in the main text and refer to Appendix B for the technical

details and other minor improvements compared to the original code.

3.2.3.1 Resource uptake and distribution

In the LPJmL model, the different PFTs compete for space/light, water and nitrogen. In past model ver-

sions, these resources were distributed between PFTs based on foliage projective cover (FPC). The FPC

is used as a proxy for actual cover, which would require the explicit simulation of the plant geometries.

Distributing these different resources based on one variable neglected the importance of different traits

for the uptake of different resources. In particular, water uptake should also be dependent on root traits

such as the extent of the root network and the amount of fine root biomass (Tron et al., 2015). Using root

traits to determine access to water enables the model to simulate different strategies for water-resource

use. Therefore, we adapted the implementation of water supply to make it dependent on root biomass

instead of FPC to provide a distinction between the criteria for aboveground and belowground resource

uptake and distribution. Based on the concept of the FPC, we implemented a belowground equivalent

based on root instead of leaf biomass (Appendix B.1). First, the PFT’s access to water from different

soil layers is calculated as described in Schaphoff et al. (2018). Second, the amount of water available

for the PFT is determined by considering its root biomass and the new parameter (kroot), which is a

proxy for root properties associated with morphological properties of the root network (e.g. branching

and spread).

3.2.3.2 The leaf economic spectrum

The LES describes correlations between several plant functional traits. Among these are the specific

leaf area (SLA) and the leaf longevity, which can be used to express the differences between resource

acquisitive vs. resource conservative growth strategies (Wright et al., 2004). The resource acquisitive

strategy is associated with fast growth of leaves at low construction costs with a high SLA and a short

longevity. In contrast, the resource conservative strategy promotes slow growth of long-lived leaves with

low SLA. Therefore, to represent the trade-offs associated with the differences between these strategies,

a functional relationship between SLA and leaf longevity can be used.

Despite the importance of SLA and leaf longevity for several processes within LPJmL, the SLA

vs. leaf longevity trade-off has not been implemented for managed grasslands in LPJmL before. SLA is

used to calculate the leaf area index (LAI) of a given grassland area from the dynamically computed leaf

biomass, which is important for the interception of light energy and thus for photosynthesis. The leaf

longevity was represented through turnover rates, which determine the amount of leaf biomass trans-
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ferred to the litter layer (Schaphoff et al., 2018). As long as differences between ecological strategies

were not considered and only one PFT was used to simulate a managed grassland, this approach was

sufficient. However, this means that grasslands along a resource stress gradient only differed in their pro-

ductivity but not in other aspects of the community. Yet in reality, slow-growing, resource-conservative

plants in stress-prone ecosystems are not only less productive but also supply less forage with a lower

nutrient content (Lee, 2018; Onoda et al., 2017). Such ecosystems are also more vulnerable to overgraz-

ing (Liu et al., 2013) and recover more slowly from disturbances (Teng et al., 2020). Incorporating the

SLA vs. leaf longevity trade-off is essential to account for the differences between ecological strategies,

which are important to adequately represent ecosystem functions of managed grasslands under different

climatic conditions and management.

The SLA vs. leaf longevity trade-off has already been implemented in the related LPJmL-FIT model

and applied to tropical (Sakschewski et al., 2015) and European forests (Thonicke et al., 2020). For

this study, we implemented the SLA vs. leaf longevity trade-off for managed grasslands using a func-

tional relationship between the two based on trait observations. Similar to Sakschewski et al. (2015),

we derived a power law for SLA and leaf longevity from trait data retrieved from the TRY database

(Boenisch and Kattge, 2018). This power law provides a functional relationship between SLA and leaf

longevity, which is used to calculate the PFT-specific leaf longevity from predefined SLA values within

LPJmL-CSR (Appendix B.1.1). Based on the alignment of the resource conservation axis of the root

economic space (Bergmann et al., 2020) and the LES (Weigelt et al., 2021), we assume that leaf and

root longevity are not independent from each other and maintain a fixed ratio of the two in LPJmL-CSR.

3.2.3.3 Reproduction and mortality

Herbaceous plants are adapted to different growing conditions and therefore have different reproduction

strategies and whole plant – or for graminoids phytomere – longevity. In LPJmL, each herbaceous

PFT was simulated using only one average individual with specified properties. Age mortality was

implicitly included in the representation of turnover of leaves and roots and not as a separate process.

The only additional cause of mortality was negative leaf and/or root biomass after allocation as a result

of prolonged stress. While this may be caused by water stress, additional causes of mortality from water

stress such as embolism (Jacobsen et al., 2019) or heat stress were not considered.

LPJmL does not simulate seed bank formation, and reproduction is not limited by the amount of

seeds available in a seed bank. Instead, the establishment depends on the bare-ground area and the

PFT-specific establishment rate. Furthermore, in LPJmL 5, reproduction was simulated as a biomass in-

crease of the average individual. We argue that this was not sufficient to simulate different reproduction

strategies, which differ in the amount of seeds, seed survival and germination rates, and germination
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requirements (Brown and Venable, 1986; Thompson, 1987).

In the representation of CSR strategies in LPJmL-CSR, we retained the approach of establishing

seedlings instead of seeds but allowed PFTs to establish different numbers of seedlings in agreement

with their reproductive strategy. To achieve this, we abandoned the approach of using only one average

individual to simulate each PFT and introduced a dynamic number of average individuals assuming a

homogeneous population (i.e. individuals of the same PFT share the same properties) but form the com-

munity together. Based on the existing implementation, we modified the reproduction so that additional

individuals are established and thereby increase the number of average individuals simulated. Each day,

the number of average individuals of each PFT is increased if there was bare-ground area available. The

bare-ground area is distributed between established PFTs depending on their establishment rate kest. The

total amount of seedlings established is calculated based on kest, accounting for the bare-ground area.

Subsequently, the number of average individuals is increased and the individual-specific carbon and

nitrogen stocks are adjusted. LPJmL-CSR does not consider trait plasticity or evolutionary processes

and therefore does not account for phenotypic adaptation. This also means that already established and

newly established average individuals share the same traits. Since space for plant establishment is lim-

ited and age-related mortality is common in natural grasslands (Zimmermann et al., 2010), we prohibit

an infinite increase in the number of average individuals by adding an age mortality based on the growth

efficiency to reduce the number of average individuals (Appendix B.1.2). The growth efficiency is the

ratio of the net change in the individual carbon stocks (the result of net photosynthesis and turnover)

and the individual carbon stocks. Assuming that old plants grow more slowly, this is used as a proxy for

population age and resulting age mortality. We did not implement additional causes of mortality such

as drought or fire (Zimmermann et al., 2010). While the new approach does not simulate individual or

phytomere morphology explicitly, it provides some implicit information on community structure and

plant size through the number of average individuals, the area covered by them and their biomass. It

can be assumed that few individuals that maintain a high cover and biomass must be larger than more

individuals that provide a similar cover and biomass.

3.2.4 Defining the C, S and R PFTs

We based our new PFTs on the already existing herbaceous PFTs (Schaphoff et al., 2018), from which

we retained the majority of parameter values. We used the temperate herbaceous PFT for the temperate

grassland, we used the tropical herbaceous PFT for the hot steppe, and we used the polar herbaceous

PFT for the cold steppe. To design the new C, S and R PFTs for each of these environments and given

management scenarios, we assessed a subset of parameters that represent functional traits inspired by

the global spectrum of plant form and function (Dı́az et al., 2016) and define our trait space using the
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stress and disturbance gradient to distinguish the CSR strategies. Based on past sensitivity analyses

(Forkel et al., 2019; Zaehle et al., 2005) and expected behaviour of newly implemented trade-offs, we

selected four parameters for each dimension to distinguish the CSR strategies (Table 3.2).

3.2.4.1 The stress and disturbance gradients

We assumed that the position of a PFT within the CSR triangle can be determined through trade-offs

between plant functional traits along the stress and the disturbance gradients according to the relations

described below. Names, descriptions and usage of the model parameters are based on the model ver-

sions LPJmL 4 (Schaphoff et al., 2018) and 5 (von Bloh et al., 2018).

According to CSR theory, stress is defined as constrained metabolic efficiency limiting biomass pro-

duction and can be caused by a variety of factors (Grime, 1977). The stress gradient expresses the

intensity of stress a species is exposed to in a certain habitat. It ranges from unstressed to severely

stressed and can include the combined impacts of several stressors. Different traits and their values

are associated with the ability of a plant to cope with the different stress levels. The traits of the LES

(Wright et al., 2004) together with different strategies for resource use can be used to distinguish C and

R strategists (low stress tolerance) from S strategists (high stress tolerance).

Since the LPJmL model only represents a subset of possible stress factors (Sect. 3.2.1), only stress

arising from temperature and water as well as nitrogen availability can be considered. Within LPJmL-

CSR, some traits are linked to a general response to stress independent of the stressor, while others

are used to represent adaptation to specific stressors. Since the grassland steppe sites simulated by

us are predominantly limited by water, we decided to focus on water stress. This allows for a better

understanding of the underlying processes and the resulting patterns. To represent the stress gradient, we

used functional traits associated with the growth rate and water-resource use. We selected the maximum

transpiration rate (Emax), the minimum canopy conductance (gmin), the specific leaf area (SLA) and the

leaf-to-root mass ratio (lmro).

SLA The specific leaf area is the ratio of leaf area to leaf dry mass and a measure of the amount of

biomass required to produce a unit of leaf area. It is predominantly associated with the stress gra-

dient in the CSR theory. SLA is used in four processes of LPJmL-CSR. First, it is used to calculate

the LAI, which controls light interception and thus productivity determining the area occupied

by a PFT in competition with other PFTs. Second, SLA is used to determine the aboveground

biomass of newly established seedlings from the seedling LAI (see explanation of LAIsapl). Third,

it is used to determine the actual mortality rate (Appendix B.1.2). Fourth, it is used to calculate

the leaf longevity controlling tissue turnover and litterfall (Sect. 3.2.3.2). The SLA can be used to

determine the trade-off between short-lived, acquisitive (high SLA) and long-lived, conservative
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(low SLA) leaves. In contrast, in LPJmL 5 it was only used in the first and second processes.

lmro The leaf mass to root mass ratio (lmro) is the target ratio of aboveground and belowground

biomass. It is predominantly associated with the CSR stress gradient, but since it controls in-

vestments into above vs. belowground biomass, it also affects the PFTs response to the removal

of aboveground biomass. lmro is used within two processes of LPJmL 5 and LPJmL-CSR. First,

it is used to determine the allocation of the current day’s productivity to aboveground and below-

ground biomass pools to approach lmro. Second, it is used to calculate the belowground biomass

of newly established seedlings from the aboveground biomass of newly established seedlings

(Appendix B.1.2). The lmro can be used to differentiate between strategies on investing assimi-

lates for aboveground (high lmro) or belowground (low lmro) growth and the resulting access to

resources.

Emax The maximum transpiration rate defines the upper limit of transpiration per day. It is predomi-

nantly associated with the CSR stress gradient. In LPJmL 5 and LPJmL-CSR, Emax is used to

calculate the water supply. Here, Emax presents the upper limit and actual transpiration is reduced

depending on the PFT-specific root distribution and the soil water content. Emax can be used to

distinguish more (low Emax) and less (high Emax) water-saving strategies.

gmin This defines the minimum canopy conductance (in mm per second) that is independent of pho-

tosynthesis and a result of other processes controlling the lower limit of transpiration. It is pre-

dominantly associated with the stress gradient. In LPJmL 5 and LPJmL-CSR, gmin is used in the

calculation of the total canopy conductance as a part of the photosynthesis routine. gmin can be

used to distinguish more (low gmin) and less (high gmin) water-saving strategies.

Similar to the stress gradient, the disturbance gradient ranges from undisturbed to severely disturbed.

Reproductive traits and plant stature (Grime, 1974; Salisbury, 1943; Westoby et al., 1996) can be used

to distinguish C and S strategists (low disturbance tolerance) from R strategists (high disturbance toler-

ance). Functional traits associated with reproduction and plant geometry can be used to represent the

trade-off associated with the disturbance gradient. We selected the following functional traits involved

in the direct interaction of the different PFTs: the root efficiency coefficient (kroot), the light extinction

coefficient (kbeer), the establishment rate (kest) and the leaf area index of a seedling (LAIsapl). While

seedling is the more intuitive term for herbaceous plants and we will use it throughout the paper, the

subscript in the parameter name refers to saplings because it was adopted from the tree PFTs in the past.

kbeer The light extinction coefficient is a parameter describing the amount of light absorbed by a vege-

tation layer. It is predominantly associated with the CSR disturbance gradient, but since it is used

in the calculation of the FPC, which also determines resource access, it is also associated with the
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Figure 3.1: Stress (blue) and disturbance (red) gradient and associated traits and their hierarchy (low, in
between and high).

CSR stress gradient. In LPJmL 5 and LPJmL-CSR, kbeer is used to determine FPC controlling

the PFT-specific area share and its access to light. kbeer can be used as a proxy to distinguish

large (high kbeer – rarely shaded by competitors and have high light absorption capacity) from

small (low kbeer – potentially shaded by competitors and have high light absorption capacity only

if dominant) stature plants and is essential for the competition for light and space.

kroot The root efficiency coefficient is a parameter used as a proxy for root functional traits such as

branching and density of the root network. It is predominantly associated with the CSR distur-

bance gradient, but it also affects PFT-specific water access. kroot was introduced in LPJmL-CSR

and is used to represent the belowground morphology controlling the PFT-specific share of the be-

lowground and its access to respective resources. kroot can be used as a proxy to distinguish sparse

and constrained (low kroot) from dense and spread root networks (high kroot) and is important for

the competition for water.

kest The establishment rate describes the maximum amount of seedlings established per day. It is

predominantly associated with the CSR disturbance gradient. While in LPJmL 5 kest was used

to determine the increase of the biomass of the average individual, in LPJmL-CSR kest is used

to calculate the increase of the number of average individuals per square metre (Ind. m−2) from

establishment on bare-ground area. kest can be used to distinguish the number of offspring and

thus strategies with low (low kest) and high (high kest) reproductive capacity.
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LAIsapl The seedling LAI is the leaf area index of a newly established seedling. It is predominantly

associated with the CSR disturbance gradient. In LPJmL 5 and LPJmL-CSR, it is used to calculate

the aboveground biomass of a seedling using the PFT-specific SLA. It can be used to distinguish

the biomass of offspring (low/high LAIsapl lead to low/high offspring biomass) which we use as a

proxy for the competitive strength of the offspring of different strategies.

In total, we used eight parameters to distinguish the PFTs and defined plausible ranges for their

parameterisation so that different CSR strategies can be represented by the extended set of PFTs. The

selected traits affect a variety of processes within the model and differentiate the C, S and R PFTs

along the stress and disturbance gradients. We assumed all parameters to be independent from each

other. While we are aware that SLA and the light extinction coefficient kbeer are correlated in reality

because the transmissivity of leaves increases with SLA we have to treat them as independent because

in LPJmL, the light extinction coefficient does not describe the transmissivity of a single leaf but of the

entire vegetation layer. Stacking a high number of high transmissivity leaves may result in the same

light extinction compared to a lower number of low transmissivity leaves. In LPJmL-CSR, a similar

kbeer would be assigned for both cases because it represents the light extinction coefficient of the entire

vegetation layer.

Table 3.2: Parameter names, units, ranges, associated CSR gradient(s) and the hierarchy of the parame-
ters for the C, S and R PFTs.

Parameter Abbreviation Unit Min Max Predominant Subsidiary Hierarchy
gradient gradient

Specific leaf area SLA [m2 gC−1] 0.01 0.1 stress – S<C<R
Light extinction coefficient kbeer [–] 0.2 0.8 disturbance stress R<C & S
Establishment rate kest [Ind. m−2 d−1] 3000 6000 disturbance – R>C & S
Root efficiency coefficient kroot [–] 0.005 0.025 disturbance stress R<S<C
Leaf to root mass ratio lmro [–] 0.6 1 stress disturbance S< R<C
Maximum transpiration rate Emax [mm d−1] 4 12 stress – S<R<C
Seedling leaf area index LAIsapl [–] 0.01 0.15 disturbance – R<S<C
Minimum canopy conductance gmin [mm s−1] 0.3 2 stress – S<R<C

3.2.4.2 Parameterisation and evaluation of new PFTs

To parameterise the new PFTs, we had to assess the model performance for different parameter sets.

We included several variables in the calculation of a likelihood (logLI): forage offtake or leaf biomass;

SOC, and C, S, and R strategy covers (Table 3.3). Data on forage offtake, leaf biomass and SOC were

available from several field experiments conducted at the respective sites. For C, S and R PFT covers,

data were only available for the hot steppe and we defined values based on our knowledge of the site-

specific conditions to agree with CSR theory for the other sites.

We optimised the logLI using a Markov chain Monte Carlo (MCMC) method with a Metropolis

algorithm (Van Oijen et al., 2005; Wirth et al., 2021). This method evaluates the performance of a

78



Chapter 3

Table 3.3: Variables used for parameterisation (para) and evaluation (eval) of the new PFTs at the study
sites

Site Variable Resolution Usage Source Literature
Temp. grassland Dry matter yield per cut para/eval field observations Reinsch et al. (2018b)
Temp. grassland Soil carbon annual para/eval field observations Reinsch et al. (2018b)
Temp. grassland Cover of C, S and R PFTs constant para expert estimate –
Hot steppe Leaf biomass annual para/eval field observations Munjonji et al. (2020)
Hot steppe Soil carbon monthly eval field observations Munjonji et al. (2020)
Hot steppe Cover of C, S and R PFTs constant para expert estimate –
Cold steppe Leaf biomass monthly para field observations Schönbach et al. (2012)
Cold steppe Grazing offtake monthly eval field observations Schönbach et al. (2012)
Cold steppe Soil carbon constant para field observations Wiesmeier et al. (2011)
Cold steppe Cover of C, S and R PFTs constant para expert estimate –

sequence of sampled parameter sets. In the following, we refer to a sequence as a chain and to an

iteration as a link. At the beginning of the chain, a first parameter set is drawn from a multivariate

Gaussian distribution with its modes at the centre of the parameter ranges for each parameter and its

variances as a fraction of the parameter ranges. A fraction of the ranges is used to limit the difference

between parameter sets of subsequent links which improves the performance of the algorithm. The

width of this fraction is controlled through a tuning parameter and is fixed for the entire chain, while the

modes of the Gaussian distribution are updated throughout the chain if the model performance calculated

as the total likelihood (logLI, Eq. 3.1) improves.

logLIi = logPriori + logLinki (3.1)

The total likelihood logLI is calculated for each link i. It consists of a prior likelihood (logPriori, Eq. 3.2)

and the likelihood of the current link (logLinki, Eq. 3.3).

logPriori =
∑
j

B(θi,j , p, q) (3.2)

The prior likelihood, logPrior, is calculated from the prior distribution, which represents an initial guess

on the resulting posterior distribution. We chose a geometrical prior distribution (B) with the shape

parameters p = 1 + 4 · (θ̂centre − θ̂min/θ̂max − θ̂min) and q = 6− p. Here, θi,j represents the parameter

values of each parameter j of the current link i, θ̂centre represents the values at the centre of the parameter

space, and θ̂min and θ̂max are the lower and upper limits of the parameter space, respectively.

logLinki =
∑
k

−0.5 ·
ysim,i,k − yobs,k

σobs,k

2

− 0.5 · log(2π)− log(σobs,k) (3.3)

The likelihood of the current link, logLinki, is a measure of the model performance of a simulation

using θi,j . The logLinki incorporates the difference between simulation results (ysim) and observations

(yobs) for all variables k, also including the uncertainty of the observations (σobs). The overall likelihood
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(logLIi) is compared to the highest likelihood that was achieved so far (logLI) to decide about the

acceptance of the current parameter set. If the difference between the current likelihood and the highest

likelihood (∆logLI= logLImax − logLIi) is positive, the parameter set is always accepted. For negative

∆logLI, it is only accepted if it exceeds the natural logarithm of a random number between 0 and 1.

This mechanism prohibits the outcome that the algorithm is trapped in local optima. At the end of the

chain, the algorithm returns a posterior parameter distributions whose modes are the parameter values

with the best model performance.

We used the same parameter space for all three new PFTs but ensured that we select parameter

values consistent with the traits associated with CSR theory. We prescribed a hierarchy based on our

expertise (Table 3.2) for each parameter that defines whether a PFT has to obtain a higher or lower value

compared to the other PFTs. For example, S PFTs must have a lower SLA than C and R PFTs, because

the S strategy is associated with slower growth and longer-living tissue than the C and R strategies.

Our approach included two steps represented by two subsequent chains. The first chain was short

and used a large tuning parameter so that the sampling covered the entire parameter space and an area

of good model performance could be identified. The second chain started in the area discovered by the

first chain, was longer and used a smaller tuning parameter to find the optimal parameter values within

the area.

We evaluated the new PFTs using the mean square error (MSE) and its components (see Appendix B.2).

For the evaluation, we either used a different data set or split the data into different sets for parameter-

isation and evaluation if the number of replicates was at least eight for the majority of observations

(Table 3.3). Observations with less than eight replicates were only used for the parameterisation. For

the hot steppe, we used the difference in SOC between the ungrazed and grazed scenario for the eval-

uation because the current representation of the processes listed in Sect. 3.4.1.2 made it impossible to

simulate the overall SOC level adequately. For the cold steppe, SOC data were only available for 1 year

and the common management for the examined region (Wiesmeier et al., 2011). While this is compara-

ble to our extensive grazing intensity, for the intensive grazing intensity we assumed a 25 % lower SOC

level. We based this assumption on Kölbl et al. (2011) who reported around 25 % lower SOC content of

the topsoil under heavy grazing compared to areas without or with periods of moderate grazing.

3.2.5 Modelling protocol

Simulations with LPJmL are driven by data on climate variables and management. If available, we used

climate data obtained at the sites (see the Supplement). For missing climate variables, we supplemented

data from the GSWP3-ERA5 data set for the temperate grassland and bias-adjusted data from the MRI-

ESM2-0 (Lange and Büchner, 2022) for the hot and cold steppe. To design the new PFTs and evaluate
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Table 3.4: Scenario names and management (mowing/grazing intensity, irrigation, fertilisation) used for
the simulations at the Lindhof (temperate grassland), Syferkuil (hot steppe) and Xilin (cold
steppe) sites.
Name Mowing/grazing Irrigation Fertiliser application
Temperate grassland N0 Mowing (4 cuts) rainfed unfertilised
Temperate grassland N1 Mowing (4 cuts) rainfed fertilised 240 kg N ha−1 yr−1

Hot steppe C0 R U Grazing (0.0 cows ha−1) rainfed unfertilised
Hot steppe C1 R U Grazing (0.1 cows ha−1) rainfed unfertilised
Hot steppe C0 I U Grazing (0.0 cows ha−1) irrigated unfertilised
Hot steppe C1 I U Grazing (0.1 cows ha−1) irrigated unfertilised
Cold steppe S1 R U Grazing (1.5 sheep ha−1) rainfed unfertilised
Cold steppe S6 R U Grazing (9 sheep ha−1) rainfed unfertilised
Cold steppe S1 I U Grazing (1.5 sheep ha−1) irrigated unfertilised
Cold steppe S6 I U Grazing (9 sheep ha−1) irrigated unfertilised
Cold steppe S1 I F Grazing (1.5 sheep ha−1) irrigated fertilised
Cold steppe S6 I F Grazing (9 sheep ha−1) irrigated fertilised

the model development, we reproduced the management under which the experiments were conducted

(Sect. 3.2.2 and Table 3.1).

LPJmL-CSR simulates all processes and provides all outputs with a daily resolution. If necessary,

outputs are aggregated to a monthly or annual resolution in the postprocessing. Before simulating

managed grasslands, the model was run for 30 000 years with natural vegetation to obtain an equilibrium

of the carbon and nitrogen cycle during a spin-up simulation. Afterwards, a second spin-up of 390 years

was conducted to account for the effects of historical land-use change on soil conditions. For none of

the sites, data on the land use history were available, and we assumed livestock grazing with a moderate

density for the second spin-up period to account for the transition from natural vegetation to managed

land. A detailed list of all inputs and settings to reproduce the conditions of the sites and experiments is

provided in the Supplement.

In addition to the simulations done for the parameterisation of the new PFTs, we simulated several

scenarios to analyse forage offtake, leaf biomass and SOC for different water or nitrogen limitation

levels. For each site, we simulated the two management schemes also used to derive the new PFTs.

To evaluate the changes of forage offtake, leaf biomass, SOC and community composition in response

to different resource limitations, we simulated our three sites additionally without the prevailing site-

specific limitations. For this, we removed water limitation for the hot steppe and water and nitrogen

limitation separately for the cold steppe (Table 3.4).

Pre- and postprocessing of the data and figure creation were conducted using R (R Core Team, 2019).

A list of all R packages used is provided in the Supplement.

3.3 Results

We evaluated LPJmL-CSR for the selected variables (Sect. 3.3.1) – results of the parameterisation are

shown in the Supplement. Afterwards, we assessed the effect of removing the resource limitations
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(Sect. 3.3.3), compared the traits and trade-offs within and across sites (Sect. 3.3.2) and analysed the

community composition (Sect. 3.3.4).

3.3.1 Evaluation of new PFTs

For each site and management scenario, the new PFTs led to improved model results for forage off-

take/leaf biomass and a reduced mean square error (MSE) compared to a simulation using LPJmL 5

(Fig. 3.2a, d and g), which did not include the changes described in Sect. 3.2.3. A major improvement

was the capability of LPJmL-CSR to distinguish between CSR strategies using different PFTs. For all

sites and strategies, we were able to find parameter sets for the new PFTs that enable LPJmL-CSR to

represent the community well. Annual averages of the C, S and R PFT covers simulated by LPJmL-

CSR compared well to the expected cover which we used for the parameterisation. MSEs for the FPC

were below 0.02 (Fig. 3.2c, f and g) across sites and scenarios. Simulation results for forage offtake/leaf

biomass improved at all sites (Fig. 3.2a, d and g). For the temperate grassland and the extensive grazing

scenario in the cold steppe, the MSE of SOC was lower in LPJmL-CSR (Fig. 3.2b and h) but similar for

the hot steppe and moderately higher for the intensively grazed cold steppe (Fig. 3.2e and h).

3.3.1.1 Temperate grassland

Forage offtake of the temperate grassland for the unfertilised scenario was strongly underestimated by

LPJmL 5 (Fig. B.3a), and the MSE improved from 431.7 to 112.2 (Mg DM ha−1)2 in LPJmL-CSR

(Fig. 3.2a). For the fertilised scenario, LPJmL 5 underestimated forage offtake less severely (Fig. B.3b),

and the MSE was similar with 96.4 (Mg DM ha−1)2 in LPJmL 5 to 105.3 (Mg DM ha−1)2 in LPJmL-

CSR. For the unfertilised scenario, the representation of SOC improved as well. For the unfertilised

scenario, LPJmL 5 strongly underestimated SOC stocks (Fig. B.4a), and the MSE was reduced from

1262 to 21.4 (Mg C ha−1)2. However, it remained similar with 11 and 37.9 (Mg C ha−1)2 for the fer-

tilised scenario (Figs. 3.2b and B.4b).

3.3.1.2 Hot steppe

Simulation results for the hot steppe presented a mixed picture showing lower MSEs for leaf biomass but

higher MSEs for SOC in LPJmL-CSR compared to LPJmL 5. For the ungrazed (C0) scenario, the MSE

of leaf biomass improved from 10154.1 to 1.9 (Mg DM ha−1)2 (Fig. 3.2d). Similarly, for the grazed

(C1) scenario, the MSE of leaf biomass improved from 9522.5 to 40.1 (Mg DM ha−1)2. The MSE for

the difference in SOC between the ungrazed and grazed scenario was lower in LPJmL 5 and increased

from 6.3 to 251.2 (Mg C ha−1)2 (Fig. 3.2e). LPJmL 5 already simulated the SOC difference between

the scenarios well impeding improvements through LPJmL-CSR. Furthermore, improvements in leaf
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Figure 3.2: Mean square error (MSE) for the different management scenarios (x axis) for forage off-
take/leaf biomass in Mg DM ha−1 yr−1, SOC in Mg DM ha−1 yr−1 and FPC (columns, left
to right) for the temperate grassland, hot steppe and cold steppe (rows, top to bottom). For
forage offtake/leaf biomass and SOC, MSEs for the old (LPJmL 5) and new (LPJmL-CSR)
model version are shown. For FPC, MSEs are shown for each PFT separately for LPJmL-
CSR before and after the calibration. The colours separate the MSE into three components:
the bias (grey) showing the systematic error for each variable; the phase (yellow), showing
the temporal shift against observations; and the variance (blue), which is the random error
not attributable to bias and phase compared to observations.

biomass outweighed degradation in SOC stocks and LPJmL-CSR fits the observations better overall.

However, compared to observations, LPJmL 5 severely overestimated leaf biomass and LPJmL-CSR

underestimated leaf biomass (Fig. B.5) and both model versions overestimated SOC in the ungrazed

and grazed scenario (Fig. B.6).

3.3.1.3 Cold steppe

For the cold steppe, animal feed demand was met in both model versions for the low grazing intensity

(S1). Still, the MSE for forage offtake improved from 9.5 to 8.4 (Mg DM ha−1)2 (Fig. 3.2g). For the

high grazing intensity (S6), the feed demand was not always met in both models versions. Here, the

MSE improved from 4.5 in LPJmL 5 to 3.8 (Mg DM ha−1)2. Both LPJmL 5 and CSR underestimated

observed forage offtake for both grazing intensities but the dynamics at the high grazing intensity were
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Figure 3.3: Spiderplots of normalised parameter values after calibration for each site (columns) and
management scenario (rows). The centre and the edge represent the low and high ends of
the stress (black labels) and disturbance (grey labels) gradients. The colours of the points
distinguish the three PFTs. The tables show the mean of normalised parameter values for
each PFT and the two trade-off dimensions.

captured better by LPJmL-CSR (Fig. B.7). Unfortunately, replicates for forage offtake were not suf-

ficient to split the data and no additional data were available for evaluation. Similarly, only data on

SOC for 1 year, which did not distinguish between areas of different grazing intensity, were available.

Since these data were already used for the parameterisation, we were not able to properly evaluate SOC.

While LPJmL 5 strongly underestimated SOC for the low grazing intensity (S1), LPJmL-CSR captured

the observations better but still underestimated observations (Fig. B.8). Values were within the stan-

dard deviation of the observations for the low grazing intensity. For the high grazing intensity (S6), we

assumed that 75 % of the observed SOC to be an appropriate estimate for calibration (Sect. 3.2.4.2).

However, both LPJmL 5 and LPJmL-CSR overestimate this reduced calibration estimate (Sect. 3.4.1.3).

The MSE was reduced from 2157.5 to 60.5 (Mg C ha−1)2 for the low grazing intensity and increased

from 456.7 to 2741.5 (Mg C ha−1)2 for the high grazing intensity (Fig. 3.2h).
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3.3.2 Comparison of parameterisations between sites and different

management intensities

The environmental conditions, the management and the communities at the examined sites were dif-

ferent, and each site and management could be placed at a different location within the CSR triangle.

Therefore, we expected different parameterisations across and within the sites for our new PFTs re-

flected through the PFT positions along the stress and disturbance gradients. Throughout this study, we

focus on the two dimensions and discuss parameters in the context of these dimensions.

3.3.2.1 Management intensities

At all sites, the different management scenarios resulted in different parameter values for the three PFTs.

For the temperate grassland, the calibration selected a less resource-exploitative strategy for the C and

R PFT in the fertilised scenario indicated by the lower value for the stress gradient which resulted from

higher leaf longevity (lower SLA), while the S PFT’s strategy remained similar (Fig. 3.3). Additionally,

all PFTs showed a lower maximum transpiration rate (Emax) and higher investments into aboveground

biomass (higher lmro). For the disturbance gradient, the C and S PFTs had a higher value in the fertilised

scenario. For the C and S PFTs, this indicated that the calibration selected a strategy with less offspring

(lower kest) and a more efficient root network (higher kroot). The R PFT had a lower value caused by an

increase in number of offspring (higher kest).

For the hot steppe, the S and R PFTs showed a lower value for the stress gradient for the grazed sce-

nario (C1), and the calibration selected a more water-saving (lower Emax and/or gmin) strategy. These dif-

ferences were counteracted to some extent by an increased investment in aboveground biomass (higher

lmro) and a more resource-exploitative strategy (higher SLA). The C PFT showed similar differences

except for the reduction of the minimum canopy conductance (gmin). However, this is likely an artefact

of the parameterisation. As stated in Sect. 3.2.4.1, both SLA and lmro not only underpin the compen-

sation of defoliation but also play a role for resource uptake and distribution. In the ungrazed scenario

(C0), no defoliation has to be compensated and both parameters only play a role for resource uptake

and distribution, which likely affected the selection of gmin. In contrast in the grazed scenario (C1), gmin

and Emax become more important for resource uptake and distribution. For the disturbance gradient,

all PFTs had higher values from different causes: the C PFT established less offspring (lower kest),

the S PFT increased its stature (higher kbeer) and seedling size (higher LAIsapl), and the R PFT only

increased its seedling size (higher LAIsapl).

Consistent with the findings for the other sites, for the cold steppe all PFTs showed different strategies

for the different management intensities. While the value for the stress gradient was the same for the

R PFT and only differed for the C and S PFTs, the calibration selected different trait values for all PFTs.
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For the C PFT, the calibration selected a less water-saving strategy (higher Emax and gmin) and for the

S PFT a more water-saving strategy (lower Emax and gmin). For the disturbance gradient, the C and

S PFT showed a higher value, and the R PFT showed a lower value in the intensively grazed scenario

(S6). While for the C PFT this was the result of an increase in the efficiency of its root network (higher

kroot), for the S PFT this was a result of an increase in stature (higher kbeer; Sect. 3.2.4.1). In contrast,

the R PFT had a smaller stature (lower kbeer) and seedling size (lower LAIsapl).

3.3.2.2 Site-specific conditions

Across sites, we found a large variation within both dimensions which ranged from 0.30 to 0.64 for the

stress and from 0.18 to 0.68 for the disturbance gradient (Fig. 3.3). As a consequence of our assump-

tions for the parameterisation, the sorting of the parameter values for the three PFTs had to match the

hierarchy defined in Table 3.2 (Sect. 3.2.4.2) for each site. Between sites however, we did not make any

assumptions that would predetermine an order, meaning that each site could occupy a different area of

the two dimensions. For example, an R PFT had to have a higher value for the stress gradient compared

to the S PFT for the same site, but could have a lower value compared to the S PFT of another site, as

is the case when comparing the temperate grassland to the hot steppe. For the disturbance gradient, the

same case can be made.

However, if averaged over all sites and management scenarios, the C PFT still was the most resource

exploitative with a value of 0.55 for the stress gradient, while the R and S PFT were more resource

conservative with values of 0.48 and 0.25. Similarly, the R PFT produced most offspring and had the

smallest stature with a value of 0.29 compared to 0.57 and 0.58 for the C and S PFTs. While this

general pattern emerged clearly for the two dimensions, there were substantial differences between the

sites when comparing the contributing parameters. Most similar was the lmro determining investments

into aboveground versus belowground biomass, which contributed to high values of the C and R PFTs

for the stress gradient for several scenarios. For the steppe sites, there was some alignment within the

S PFTs, which all had a larger stature (higher kbeer). The remaining parameters were not discernibly

aligned across sites.

3.3.3 Effects of resource limitation

To assess the effect of resource limitation, we compared different scenarios with LPJmL-CSR. In addi-

tion to the scenarios using the prevailing climatic conditions (resource limited), we simulated scenarios

where we removed the limitation of water or nitrogen supply. For the temperate grassland and the hot

steppe, the different management scenarios of the unfertilised and fertilised as well as ungrazed and

grazed scenario led to differences in soil carbon before the first year shown in Fig. 3.3.
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Figure 3.4: Simulated forage offtake/leaf biomass (a, b, c) and SOC (d, e, f) for all sites, manage-
ment levels and resource limitation scenarios. Bars show the annual forage offtake and
coloured segments the forage offtake for each cut/month. Line colours differ between rain-
fed (prevailing conditions, black), rainfed fertilised (red) and irrigated unfertilised (blue),
while line types show the grazing management intensity as low (ungrazed/C0 or extensively
grazed/S1, solid) and high (grazed/C1 or intensively grazed/S6, dashed).

3.3.3.1 Temperate grassland

The temperate grassland already is a productive site where water and nitrogen are not limiting pro-

ductivity, and we did not simulate any additional scenarios but focused on comparing the two fer-

tilisation levels (N0 and N1). For both scenarios, total annual forage offtake was similar and be-

tween 5.3 and 7.4 Mg DM ha−1 yr−1 for the unfertilised and between 4.7 and 8.9 Mg DM ha−1 yr−1

for the fertilised scenario (Fig. 3.4a). The first cut was the most productive, yielding between 1.8 and

2.8 Mg DM ha−1 yr−1 for the unfertilised and between 2.5 and 3.9 Mg DM ha−1 yr−1 for the fertilised

scenario. The subsequent cuts contributed substantially to the overall forage offtake except in 2018,

which was a drought year. Here, the forage offtake from all cuts was reduced. In all cuts, the domi-

nant C PFT contributed the majority of the forage offtake. In both scenarios, the S and R PFTs barely

contributed (2 % and 8 % share of forage offtake on average) in all cuts (Fig. B.9). Overall, dry matter

yield (DMY) was more stable between years (except 2018) in the fertilised scenario because of higher
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yields during the regrowth stages (cuts 2 to 4). These compensated the slightly lower DMY of the first

cut compared to the unfertilised scenario.

The SOC showed no significant trend for the unfertilised scenario, where the annual average de-

creased by 0.02 Mg C ha−1 yr−1 on average (τ = 0.09, p value 0.1). In contrast, SOC in the fer-

tilised scenario increased by 0.96 Mg C ha−1 yr−1 on average (τ = 0.56, p value< 0.001), respectively

(Fig. 3.4d). Intra-annual SOC dynamics, which are driven by the litter production and C input from

manure, were stronger in the fertilised scenario.

3.3.3.2 Hot steppe

For the hot steppe, we simulated an irrigated (I) scenario in addition to the rainfed (R) scenario which

was used for the calibration of our PFTs for the ungrazed (C0) and grazed (C1) management. Annual

forage offtake was 0.26 Mg DM ha−1 yr−1 in the rainfed scenario (Fig. 3.4b), and animal feed demand

was always met (Fig. B.10a). Similarly, the feed demand was always met in the irrigated scenario

(Fig. B.10b). However, between the two scenarios the composition of forage offtake strongly differed.

In the rainfed scenario, the S PFT contributed the majority in most years, whereas in the irrigated

scenario the community composition changed, and all PFTs contributed to forage offtake similarly. A

shift also occurred in the ungrazed scenario, which was still dominated by the S PFT but showed a

higher share of the C and R PFTs after several years as well. This change was related to the changing

community composition (Sect. 3.3.4.2) and increased leaf biomass in the irrigated scenario. In the

ungrazed scenario, 55 % of the leaf biomass increase from irrigation resulted from elevated growth of

the S PFT, 21 % from the C PFT and 23 % from the R PFT. This was different in the grazed scenario,

with −18% (S PFT), 82 % (C PFT) and 37 % (R PFT), respectively.

The SOC of the rainfed scenarios did not show strong trends (Fig. 3.4e). However, the negative

trend in the ungrazed scenario (C0) was still significant (τ = −0.27, p value< 0.001). In the irrigated

scenario, SOC increased strongly with little differences between the grazing scenarios – on average by

4.9 Mg C ha−1 yr−1 in the ungrazed and 4.2 Mg C ha−1 yr−1 in the grazed scenario. However, SOC did

not increase linearly but showed a much stronger increase which was unrealistically high in the first 1

to 2 years after the start of irrigation (10.4 Mg C ha−1 yr−1 in the ungrazed and 10.6 Mg C ha−1 yr−1

in the grazed scenario) than in the remaining time series (2.1 Mg C ha−1 yr−1 in the ungrazed and

1.0 Mg C ha−1 yr−1 in the grazed scenario).

3.3.3.3 Cold steppe

For the cold steppe, we simulated an irrigated (I) and a fertilised (F) scenario in addition to the rainfed

(R) scenario used for the parameterisation for both the low (S1) and high (S6) grazing intensities. Total
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forage offtake was 0.17 Mg DM ha−1 yr−1 for all scenarios with low grazing intensity because the feed

demand of the animals was always met (Fig. 3.4c). In all scenarios, the forage offtake was almost

entirely attributed to the dominant S PFT, (Fig. B.11a–c). For the high grazing intensity, total forage

offtake was 1.03 Mg DM ha−1 yr−1 if the feed demand was met. This was always the case in the irrigated

scenario but not in the rainfed and fertilised scenarios. In the latter two, the model simulated very similar

forage offtake, indicating that nitrogen addition was not sufficient to increase productivity because water

was the main limiting factor. In all three scenarios, the S PFT was dominant (Fig. B.11d–f). However,

in the rainfed and fertilised scenarios the share of the S PFT decreased in months when the feed demand

could not be met and mainly the share of the C PFT increased. In the irrigated scenario, only the S PFT

contributed to the forage offtake (for an explanation, see Sect. 3.4.1.3).

SOC was similar for the rainfed and fertilised but differed for the irrigated low- and high-grazing-

intensity scenarios (Fig. 3.4f). Both the rainfed and fertilised scenarios showed a significant negative

trend for SOC, which was similar between the high grazing intensity where SOC decreased by roughly

4 Mg C ha−1 yr−1 on average (τ = −0.99, p value< 0.001) and the low grazing intensity with SOC

losses of 3 Mg C ha−1 yr−1 on average (τ = −0.87, p value< 0.001). For the irrigated scenarios, SOC

increased by 2.5 Mg C ha−1 yr−1 on average (τ = 0.79, p value< 0.001) for low grazing intensity and

0.4 Mg C ha−1 yr−1 on average (τ = 0.47, p value< 0.001) for high grazing intensity.

3.3.4 Community composition

We compared expected and realised shares of the C, S and R PFTs for the three sites using leaf biomass

and explored seasonal and inter-annual dynamics, and we analysed shifts under different resource limi-

tations.

As already evidenced by the low MSE values for the FPCs of all PFTs after calibration (Fig. 3.2),

LPJmL-CSR captured our expert estimates on C, S and R PFT covers, which defined the position of the

ecosystem within the CSR triangle well. However, these were annual averages and did not prescribe

any intra-annual variability. Since aboveground biomass and FPC are directly related and aboveground

biomass is the less abstract variable to interpret, we present results based on aboveground biomass from

here on.

3.3.4.1 Intra-annual variability

Each site showed substantial intra-annual dynamics of total aboveground biomass (Fig. B.12a, b, B.13a, c,

B.14a, g) and the monthly average of the aboveground biomass share of the C, S and R PFTs (Fig. 3.5).

However, the intra-annual dynamics were different between sites. In the temperate grassland, the C PFT

was dominant throughout the year; however, after the end of a growing season, the marginal PFTs had
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Figure 3.5: Ternary plots of the share of standing aboveground biomass of the C, S and R PFTs for the
temperate grassland (a), the ungrazed (b) and grazed hot steppe (c), and the extensively (d)
and intensively (e) grazed cold steppe. Colours differ between the rainfed (red), irrigated
(blue) and fertilised (green) scenarios. Points with a black border show the mean composi-
tion of the time series.

an increasing share until after the first cut (Fig. B.12c, d). While in the unfertilised (N0) scenario the

share of the S PFT increased, the share of the S and R PFTs increased in the fertilised (N1) scenario

(Fig. 3.5a).

In the hot steppe, the community was dominated by the S PFT in both management scenarios (Fig. 3.5b

and d). In the ungrazed (C0) scenario, the C PFT made up almost the entire remainder of the above-

ground biomass (Fig. B.13a). However, the C PFT was replaced by the R PFT in the grazed (C1)

scenario (Fig. B.13c).

For the cold steppe, PFT shares of aboveground biomass did not show strong intra-annual variation

for the extensive (S1) grazing scenario (Fig. 3.5c). However, for the intensive (S6) grazing scenario, the

C and R PFTs strongly contributed to the overall leaf biomass, and the C PFT was even dominant during

and after the grazing period (Fig. B.14h).

90



Chapter 3

3.3.4.2 Effects of irrigation and fertilisation

Removing resource limitations led to a shift in the community composition for the hot and cold steppe.

The hot steppe transitioned from an S-dominated community to a community with more balanced

CSR shares that was still dominated by the S PFT (Fig. 3.5b and d). This transition occurred within the

first 1 to 2 years after the beginning of irrigation for both scenarios (Fig. B.13e–g), which was reflected

through the shift in the community average in Fig. 3.5b and d. Whether or not this is the new equilibrium

state or the community is still transitioning is crucial (Sect. 3.4.1.2).

While removing the nitrogen limitation did not alter the community composition of the cold steppe

under extensive (S1) and intensive (S6) grazing, irrigation had an effect (Fig. 3.5c and e). The S PFT

out-competed the other PFTs entirely in the both grazing scenarios throughout the time series (Figs. 3.5c

and e and B.14e, f, k, l).

3.4 Discussion

3.4.1 Forage offtake, SOC and community composition under different

management and resource limitations

At all sites, forage offtake, SOC and community composition differed between the different management

intensity and resource limitation scenarios. The implemented model extension enabled the model to

successfully simulate differences between C, S and R strategists (Sect. 3.4.2). We were able to define

new PFTs using a Bayesian calibration method that led to improved simulation of forage offtake and/or

SOC at three sites under different environmental conditions and management. Our implementation is a

major advancement because of the following:

1. It allows for explicit analyses of the adaptation of the vegetation to changing conditions compared

to the model version in which only productivity changed.

2. Changes in the productivity of the community caused by changing conditions are the result of

a changing community composition and should therefore not only be quantitatively different to

those in LPJmL 5 but also more reliable.

3. This allows for assessment of the adaptive capacity under different levels of functional diversity

by adding or removing specific strategies.

Furthermore, in LPJmL-CSR the initial community composition is not dependent on additional data,

which facilitates the application at different sites or at larger scales.
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3.4.1.1 Temperate grassland

While the fertilised scenario for the temperate grassland was already well simulated in LPJmL 5, the

unfertilised scenario underestimated forage offtake (Sect. 3.3.1.1). In LPJmL-CSR, growth of the veg-

etation was faster than in LPJmL 5 which led to higher yields for all cuts. We identified two reasons

for the faster growth. First, the new implementation for biological nitrogen fixation (Appendix B.1.3)

reduced nitrogen stress and promoted higher photosynthesis rates. Second, while the parameters used

for LPJmL-CSR were tuned for performance under the site-specific environmental conditions and man-

agement, the parameters used in LPJmL 5 were defined for large-scale simulations with different man-

agement scenarios.

The temperate grassland is neither water nor nutrient limited, and since we only assessed scenarios

with reduced resource limitations, we only compared the fertilised and unfertilised scenarios. Despite

the additional nitrogen input in the fertilised scenario, the unfertilised scenario achieved a similar forage

offtake. Missing nutrients were acquired through biological nitrogen fixation, which was much higher

in the unfertilised scenario, which is in line with the higher share of legumes observed in the field

experiments (Reinsch et al., 2020). Despite the higher share of legumes in the unfertilised experiments,

the share of C, S and R strategists was similar, and both fertilisation levels were dominated by C species,

which was well-represented by the model.

The simulated SOC was strongly dependent on the land use history for which available data were

limited. For simplicity, we did not simulate crop rotations for the land use history but selected a livestock

density of 1.0 LSUs ha−1 (where LSU represents livestock unit) for the land use spin-up simulation (see

Sect. 3.2.5 and the Supplement) to prescribe a fixed grazing pressure, which led to an underestimation

of observations in the unfertilised scenario in LPJmL 5. This indicated that carbon inputs into the soil

were too low in LPJmL 5. LPJmL-CSR showed smaller deviations from observations and an adequate

representation of the trends (Sect. 3.3.1.1). The increased soil carbon input had three reasons. First,

the trade-off between SLA and leaf longevity led to higher turnover rates and in turn higher litterfall

compared to LPJmL 5. Second, accounting for mortality explicitly constituted an additional input into

the litter layer. Third, our simulation included manure application which provided an additional carbon

input into the system.

The community composition showed some intra-annual variability, and higher shares of the marginal

PFTs at the end and the beginning of a growing season in the unfertilised and fertilised scenarios

(Sect. 3.3.4.1). The S PFT gained higher shares in the unfertilised scenario, showing an advantage

of the S over the R PFT despite the fact that strong nitrogen stress was avoided through biological ni-

trogen fixation. In contrast, if nitrogen stress was removed entirely, the S PFT lost its advantage and the

R PFT could increase its share. After the first cut, these shares of the S and R PFTs became smaller,
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because a cut is a disturbance that directly removes part of the aboveground biomass. One strategy

to cope with this is grazing (or in this case mowing) tolerance (Briske, 1986; Stuart-Hill and Mentis,

1982), which requires fast regrowth of the leaves to compensate for the removed biomass as is typical

for a C strategist (Grime, 1977, and Sect. 3.4.2.2).

3.4.1.2 Hot steppe

For the hot steppe, LPJmL 5 performed better for SOC, while LPJmL-CSR performed better for forage

offtake. We identified several reasons for these inconsistent results. First, LPJmL does not distinguish

between leaves of different age classes and therefore not between alive, senescent or moribund tissue

(Schaphoff et al., 2018). All tissue is either alive and associated with the plant or moribund and part

of the litter layer. However, observed forage offtake also included senescent biomass (Munjonji et

al., 2020). This predisposed the model to underestimate forage offtake when accounting for realistic

turnover rates, which was observed in the low biomass values simulated in LPJmL-CSR. Second, litter

decomposition is a function of soil moisture, temperature and litter composition (Schaphoff et al., 2018).

However, the PFTs do not differ in their persistence of the litter, which is the case for different plant

species and across ecological strategies (Brovkin et al., 2012). Considering this may help to improve

the simulation of SOC dynamics in the future. Third, the vegetation was described as an open thornbush

savanna (Acocks, 1988; Scheiter et al., 2023) which includes a woody component. However, in LPJmL

managed grassland vegetation does not include bushes or trees and therefore only partially represents

the observed community.

The S PFT was dominant in the grazed and ungrazed scenarios, while the remainder of the above-

ground biomass was contributed by different PFTs depending on the scenario (Sect. 3.3.2.1). The dom-

inance of the S PFT independent of grazing is plausible considering the pronounced dry vs. wet season

dynamics at the site that impose water stress (Scheiter et al., 2023) and potentially also nitrogen stress.

The R PFT was more tolerant towards grazing disturbances and gained dominance in the grazed sce-

nario, replacing the C PFT which had a lower ability to deal with disturbance. Removing the water

limitation led to an increase in forage offtake and SOC, which can be expected when removing the main

resource limitation. However, the majority of the SOC increase occurred in the first 2 years after the start

of irrigation, which is not realistic. This can be explained by the missing representation of senescent

tissue in combination with the adaptation of the community composition: removing the water limitation

led to a strong increase in leaf biomass, which was substantially higher than the feed demand of the

simulated grazing intensity and increased the input to the litter layer. Furthermore, the share of the R

and C PFTs which have a lower leaf longevity than the S PFT increased, leading to faster inputs into the

litter layer. After 1 to 2 years, the community composition reached a new equilibrium, and inputs into
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the litter layer decreased. Introducing senescent tissue would increase the competition for light due to

self-shading effects (Zimmermann et al., 2010) and likely slow down this transition.

In addition, irrigation led to a shift in the community composition (Sect. 3.3.4.2) and an increase in

leaf biomass to which the C and R PFT together contributed more than the S PFT (Sect. 3.3.3.2). We

cannot determine whether or not increases under irrigation would be lower for an S-PFT monoculture,

which does not contain other ecological strategies, but we strongly suspect so.

In both the ungrazed and the grazed scenario, the community transitioned from strongly S-dominated

to a community with higher shares of the C and R PFTs that were still S-dominated. According to

the CSR theory, this type of community emerges in somewhat stressed and disturbed habitats (Grime,

1977). While this case can easily be made for the grazed scenario, where the disturbance is caused by

the animals, the ungrazed scenario does not include such a clear disturbance. The success of both the C

and the R PFTs is likely determined by the similarity of their SLA, kbeer and lmro, which become more

important compared to Emax and gmin if there is no water limitation. Potentially larger differences in

these parameter would lead to the success of one of the two instead.

Less than 2 years is a very fast transition, and while the shares of the leaf biomass seem to have

reached a new equilibrium after 1 or 2 years of irrigation, it is likely that the soil carbon and nitrogen

pools are not in equilibrium yet. This is especially interesting when considering that the overall increase

in leaf biomass may promote litterfall and the formation of inorganic nitrogen. This in turn may lead

to reduced nitrogen limitation and additional changes in the community composition. Furthermore,

biological nitrogen fixation is dependent on soil moisture and may therefore also contribute to decreasing

nitrogen stress under irrigation. However, irrigation also leads to increased leaching and could therefore

also decrease inorganic nitrogen availability. Future analysis considering longer timescales may help to

identify intermediate and final transition states.

Regardless of the equilibrium state of the transition, its velocity is likely overestimated by LPJmL

for two reasons. First, the C and R PFTs can establish quickly despite their limited presence before

the onset of irrigation because LPJmL does not simulate a seed bank which would in reality be small

at least for the C PFT limiting its establishment. Second, in reality growth of established individuals is

limited and a transition as simulated is strongly controlled by reproduction and dispersal, which slow

down population biomass increase. In LPJmL, already established individuals continue to grow and the

population biomass increases even without additional establishment.

3.4.1.3 Cold steppe

LPJmL 5 underestimated the observed forage offtake of the cold steppe, because the feed demand,

which was originally designed to represent large cattle (Rolinski et al., 2018), was scaled down linearly
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with animal body weight. This led to an unrealistically low feed demand because the feed demand body

weight relationship is not linear but follows a power law (Cordova et al., 1978). Our new calculation

of feed demand (Appendix B.1.4) led to a higher feed demand and forage offtake simulations were

improved for low and high grazing intensities.

Under observed conditions, the high grazing intensity severely reduced aboveground biomass, and

feed demand was not met in all years except the year directly after the increase in stocking density,

indicating overgrazing. The reduced biomass availability was also observed by Schönbach et al. (2012)

in their field experiment. Additionally, LPJmL simulates a different community composition compared

to the low grazing intensity. The relative share of the C and to some extent also the R PFT is higher for

the high grazing intensity (Figs. B.11b and B.14h) because such strategies are better suited to tolerate

grazing.

During and after the grazing period, the C and R PFTs had a higher share of the community above-

ground biomass. Both these PFTs can regrow faster and invest more into aboveground biomass, which

gave them an advantage over the S PFT under grazing. In addition to the observed environmental con-

ditions, we simulated two scenarios where we removed the water and nitrogen limitations separately.

Removing the nitrogen limitation barely affected biomass availability, and forage offtake was similar

compared to the rainfed scenario (Sect. 3.3.3.3). The additional soil nitrogen could not be utilised by

the plants, because water was the main limiting factor (Bai et al., 2004; Li et al., 2011). In contrast,

removing the water limitation led to an increase in leaf biomass, and forage offtake met the demand in

all years even for the high grazing intensity. This is in line with irrigation and fertilisation experiments

conducted in the cold steppe (Li et al., 2011) and other sites with similar conditions (e.g. Shi et al.,

2022). Contrary to the results of Li et al. (2011), who reported a lower share of annuals and bi-annuals

– that are more likely C than S strategists – in the rainfed treatments, the S PFT was dominant in the

irrigated scenarios. One reason for this could be that LPJmL does not simulate seed banks, which play

a major role for the establishment and success of the annuals and bi-annuals (Brown and Venable, 1986;

Thompson, 1987). Instead, LPJmL simulates establishment of additional seedlings dependent on avail-

able space, assuming that resources for reproduction are available at any time and not dependent on past

investments into seed production.

Despite the fact that we did not have separate data on SOC under the two grazing intensities, our

results showed a lower SOC storage for the high grazing intensity typical for overgrazed steppes (e.g.

Wiesmeier et al., 2012) compared to the low grazing intensity which constituted the typical livestock

density for the region (Hoffmann et al., 2016). Wiesmeier et al. (2012) investigated the effect of high

grazing intensities on the SOC, observing significant SOC losses within 3 years of increased grazing,

which is in line with our simulation results. Fertilisation had no effect on SOC, because leaf biomass

and in turn carbon inputs into the soil did not increase. In contrast, irrigation led to an increase of SOC,
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which was stronger for the low grazing intensity. This is likely because more biomass was produced,

and the surplus of the feed demand was not removed but contributes to the litter layer. However, these

gains would not justify the effort that would be necessary to irrigate large areas.

Removing the water limitation led to a transition from S-dominated to an S-monoculture commu-

nity under both grazing intensities (Sect. 3.3.4.2). Since the site was still severely nutrient-limited and

exposed to low temperatures, it seems that an S strategy remained advantageous. Furthermore, the

S PFT showed trait values associated with large investments in roots and more persistent root tissue

(Sect. 3.3.2.1), which provides a likely explanation for its increased dominance: it had an advantage in

the competition for the additional water. Similar to the hot steppe, it is possible that our time frame is

too short for the soil pools to have reached a new equilibrium. As described in Sect. 3.4.1.2, irrigation

alone already affects processes that could increase nitrogen supply by biological nitrogen fixation and

litterfall, but it could also decrease it by leaching. Both biological nitrogen fixation and mineralisation

are dependent on soil moisture as well as on temperature, which is low in the cold steppe limiting the

increase of inorganic nitrogen. Therefore, it is possible that only an intermediate state emerges during

our simulation period. Especially when also considering the increased leaching, we expect that the cold

steppe is still nitrogen limited under irrigation; therefore, combining irrigation with fertilisation could

further reduce nitrogen limitation, leading to increased productivity and changes in the community

composition. However, the leaf biomass increase may also be limited by higher maintenance respiration

which is connected to leaf nitrogen content. Additional analysis is needed to enhance the understanding

of these complex interactions.

3.4.2 Stress and disturbance gradients across sites and management

3.4.2.1 Across sites

We used a Bayesian calibration method to find suitable parameter values of eight parameters assigned

to two trade-off dimensions for the new PFTs. Due to lacking data on starting values and ranges for the

three new PFTs, we used the same ranges and starting values for each PFT but prescribed an order of

the parameters. Within a site and management scenario, the prescribed hierarchy for specific parameters

also predefined the ranking of the PFTs along the stress and disturbance gradients. Across sites and

management, we did not constrain the PFTs to positions within the two dimensions. Theoretically, all

PFTs of the temperate grassland could have been associated with a more conservative strategy for the

stress gradient compared to the PFTs of the hot steppe. However, while there were some differences

between the sites and management; on average, the C and R PFTs occupied a more resource-exploitative

position for the stress gradient and the S PFTs a more conservative one (Sect. 3.3.2.2). Similarly, for the

disturbance gradient the C and S PFTs occupied a position associated with less but larger offspring and
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a larger stature compared to the R PFT. It is an emergent property of the model that not only the relative

position of the PFTs of a site and management scenario determined community composition but also the

overall positions along the stress and disturbance gradients (which we derived from the global spectrum

of plant form and function Dı́az et al., 2016) were important. Our experiences from these three sites

showed similar strategies that are independent of environmental conditions, indicating that LPJmL-CSR

is capable of reproducing the empirically derived trade-offs associated with the global spectrum of plant

form and function (Dı́az et al., 2016). However, LPJmL-CSR will benefit from additional testing on

larger scales in the future.

3.4.2.2 Across management

While missing processes such as the representation of seed banks as at the hot steppe (Sect. 3.4.1.2) and

poor data as at the cold steppe (Sect. 3.4.1.3) may have led to biased model dynamics to some extent,

we clearly demonstrated the importance of representing different ecological strategies.

The calibration selected different strategies along the stress and disturbance gradients for the dif-

ferent management intensities (Sect. 3.3.2.1), which were related to changes in resource limitations or

disturbance level: in LPJmL-CSR, a change in resource availability only changes the conditions for

the establishment of a community but does not directly affect the established vegetation (changes in

environmental filters; Bazzaz, 1991; Woodward and Diament, 1991). In reality, however, a change in

resource availability may also increase the mortality for specific strategy types, affecting the already

established community as well. In temperate grasslands, manure application increases N supply and

reduces the number of available niches that can be occupied by different ecological strategies. In the

unfertilised experiment, species could satisfy their N demand through two different strategies: competi-

tion for the limited resource in the soil or biological N fixation (BNF). In the fertilised experiment, only

the first strategy was advantageous as BNF creates additional costs. In the field experiment, this was

evidenced through the substantially different amounts of legumes between the two experiments (Rein-

sch et al., 2020). In the model, N-fixing and non-N-fixing species are both collated within each PFT.

Therefore, in the unfertilised scenario, a PFT had to apply a strategy combining N uptake and fixation,

whereas it could focus on N uptake in the fertilised scenario. Since we calibrated the unfertilised and

fertilised scenarios separately using the same data for C, S and R PFT covers, the difference in strategy

between the two scenarios is expressed through the different positions of the PFTs along the stress and

disturbance gradients: higher investments into belowground biomass (lmro) provide an advantage in

the competition for plant-available nitrogen (Johnson and Biondini, 2001). In the model, this led to a

reduced need of fixing additional nitrogen and in turn a reduction of the investment costs associated

with biological nitrogen fixation (Sect. 3.3.2.1).
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In contrast to resource availability, a disturbance directly affects the vegetation. In the case of grazing,

it also influences resource availability indirectly through removal of nutrients from and spatial redistri-

bution within the system (Chuan et al., 2018; Liu et al., 2023; Wan et al., 2015). In LPJmL, the grazing

of the animals at the steppe sites constituted a direct reduction of leaf biomass proportional to the cover

of each PFT (Rolinski et al., 2018). Under intensive grazing, strategies of grazing tolerance or avoidance

are essential (Briske, 1986; Stuart-Hill and Mentis, 1982). While grazing tolerance is mainly associ-

ated with fast regrowth (Briske, 1986; Hyder, 1972, stress gradient), grazing avoidance strategies can

operate in time and space. Grazing avoidance in time is possible through the completion of the lifecy-

cle between grazing intervals (Noy-Meir, 1990, disturbance gradient). Grazing avoidance in space is

contingent on reducing plant size (Branson, 1953; Rechenthin, 1956). However, since plant size is not

explicitly represented in LPJmL, we do not discuss this strategy further (Sect. 3.2.3.3). In the hot steppe,

we simulated a daily grazing system, which makes grazing avoidance through the lifecycle impossible,

and the PFTs had to follow a grazing-tolerance strategy. This was expressed through changes in the

stress gradient: all PFTs increased their investment into aboveground biomass and faster tissue growth

(Sect. 3.3.2.1). Because LPJmL does not account for differences in the palatability of different strategy

types the parameterisation could not select for such likely successful strategies, leading to a potentially

biased community composition.

At the cold steppe site, grazing only happened during the growing season, and both grazing tolerance

and avoidance could be useful strategies. However, grazing avoidance in time, which is the only type

simulated by LPJmL, will not be successful as it would mean shifting biomass production to the non-

growing season where the environmental conditions do not allow growth. Still, between the extensive

and intensive grazing scenarios, the differences between the PFTs in both dimensions do support differ-

ent strategy adjustments (Sect. 3.3.2.1). The C PFT increased its investment into aboveground biomass

to tolerate grazing, while the S and R PFTs did not show any adjustment. However, since the high graz-

ing pressure caused degradation of the aboveground biomass, differences between the two management

scenarios not only reflect different strategies to deal with the disturbance but also reflect different strate-

gies for survival outside the grazed period. As such, all PFTs constructed long-living tissue to survive

unproductive conditions outside the growing season in the intensive grazing scenario. This was not nec-

essary in the extensive grazing scenario, because the PFTs retained substantial aboveground biomass at

the end of the growing season and did not need to be as resource conservative.

3.4.3 Limitations and further need for research

The representation of different CSR strategies is a new feature in LPJmL, a model which is mainly

used at large to global spatial scales. Past explorations have pointed out the difficulties of adding new
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PFTs to DGVMs in general (Yang et al., 2015) and also to LPJmL (Wirth et al., 2021). We therefore

decided to only add a small number of PFTs which should represent the three main CSR strategies and

no sub-strategies. We used expert estimates to determine the shares of the three strategies. These three

strategy shares sum up to 100 % and also encompass species that would be added to a sub-strategy in

a less coarse approach. Consequently, our results show a very simplified representation of the different

strategies within a community and across sites, which might be better represented using a small-scale

model such as IBC GRASS (May et al., 2009) or GRASSMIND (Taubert et al., 2012; Taubert et al.,

2020a; Taubert et al., 2020b). However, large-scale applications also benefit from the inclusion of

universally applicable trade-offs between different ecological strategies and the improved representation

of productivity changes.

Furthermore, we reduced the trade-offs between C, S and R strategists to fit into two dimensions and

used a limited amount of parameters to express these. While this simplification was necessary, this also

means that we do not represent all effects, advantages or trade-offs of functional diversity. However, as

LPJmL is a global model, our aim was not to optimise performance for specific sites, but to evaluate

and test an approach which can easily be applied at the global scale without the need of a global data

set on community composition of grasslands. Keeping this in mind, and considering the difficulties of

adding PFTs to a DGVM as well as the global heritage of the model, we find that representing even just

the three main CSR strategies constitutes a major improvement of LPJmL.

Generally, the approach of using a small number of PFTs with a fixed set of parameters has been

criticised (Quillet et al., 2010), leading to the development of next-generation DGVMs that apply an

individual-based approach such as LPJmL-FIT (Sakschewski et al., 2015) or aDGVM (Scheiter et al.,

2013). These models simulate the competition between individual plants for which parameter values

are drawn from predefined ranges upon establishment. Given sufficient time, only successful strate-

gies will survive. Such models provide a much more nuanced representation of functional diversity

compared to classic DGVMs with their coarse division into fixed PFTs but are also computationally

substantially more expensive because of the high number of individuals for which all processes have to

be calculated. Past studies have therefore often focused on specific regions such as the Amazon rain-

forest (Sakschewski et al., 2015), European forests (Thonicke et al., 2020) or South African semi-arid

rangelands (Pfeiffer et al., 2019). In contrast, classic DGVMs are still widely applied on the global scale,

e.g. to calculate the global carbon budget (Friedlingstein et al., 2022), and we see the need to continue

their development for the foreseeable future. Combining our approach of distinguishing between PFTs

that follow the main strategies of the CSR theory with an individual-based approach, making use of the

full parameter range instead of single points, provides an interesting opportunity for future research of

diverse grasslands.

For this study, we only assessed three sites at which our approach worked well. We did not include
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a site dominated by R strategists since this is not common for managed grasslands, but we also did

not include CS and CSR habitats which are typical for unfertilised and fertilised pastures, respectively

(Grime, 1974). Additional research including these intermediate habitats might provide more insight

into the newly implemented strategies and trade-offs. While separate calibrations are feasible for a

small number of sites and scenarios, for large-scale or global assessments the lack of data and the

computational requirement for the calibration make a site-specific calibration infeasible. However, using

a more efficient calibration method and remote sensing data instead of on-site experiments can be used to

derive a set of PFTs which are representative of the entire globe or at least climatic regions. For LPJmL,

a genetic optimisation algorithm has been used to successfully calibrate the phenology (Forkel et al.,

2014) and vegetation dynamics (Forkel et al., 2019) of natural ecosystems. Following this approach, we

believe it is possible to identify C, S and R PFTs for the tropical, temperate and polar regions, ending

up with nine PFTs in total.

In LPJmL, herbaceous plants are represented as average individuals of a number of different PFTs,

without an explicit representation of geometry. Therefore, we used the light extinction coefficient as a

proxy for stature, assuming that small-stature plants would be less competitive for light. We here deviate

from the common interpretation of the light extinction coefficient, which is usually defined as the light

absorption of a layer of leaves. However, as explained in Sect. 3.2.4, LPJmL represents the entire

vegetation as a single layer, and we therefore define the light extinction coefficient not for a single leaf

but a stack of leaves. Taller plants likely produce more layers of leaves, corresponding to a larger stack

and a thicker vegetation layer with a higher light extinction. However, thickness of the vegetation layer

is not explicitly represented in LPJmL, and we represent the described differences by using lower light

extinction coefficients for small-stature plants for which we assume a lower thickness of the vegetation

layer and higher light extinction coefficients for large-stature plants. However, this is not sufficient to

simulate grazing avoidance in space (Sect. 3.4.2.2), and an explicit representation of plant height and

area could further improve the representation of ecological strategies (Wirth et al., 2021). Furthermore,

the coexistence of trees and grass species, which is typical for savanna sites, is not implemented in the

LPJmL model. However, this is crucial to adequately represent such ecosystems (Rolinski et al., 2021)

and should be a focus of future model development. Another important aspect in savanna and other

dryland ecosystems is the distinction between annual and perennial plants. In LPJmL, this distinction

is not explicitly made. While the R PFT has a higher replacement rate of average individuals, it is not

constrained to a specific growing season, after which it is completely killed to be re-established the

following growing season. Incorporating this distinction into the model is an option to add additional

functional diversity and will likely improve model results.

LPJmL-CSR only represents age mortality; that is, the effects of mortality from other causes such as

frost, heat and embolism are not represented. Especially under changing climatic conditions, specific
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strategy types may show increased mortality and lose their advantage to the advantage of other strategy

types. Including additional causes of mortality may introduce additional trade-offs and enhance the

differentiation between strategy types.

Plant species have adapted to grazers in many ways, one of which is grazing avoidance by being less

or even unpalatable. This is a successful strategy in grazing systems because, in contrast to mowing,

which is indiscriminate, grazing animals show preferences for plants with a higher palatability (Hardi-

son et al., 1954; Tribe and Gordon, 1950). Selective grazing and grazing avoidance through palatability

are currently not represented in LPJmL but can have a strong effect on the community composition

(Newman et al., 1995; Parsons et al., 1994). Including preferences, e.g. for high SLA PFTs, may im-

prove simulation results further. Additionally, LPJmL-CSR does not consider mechanical stress caused

by trampling of animals and potential strategy dependent damage. Incorporating this may add another

dimension of stress to distinguish different PFTs.

Data coverage for the temperate grassland site was good, and observations were available for multi-

ple years and with sufficient replicates. For the two steppe sites, data on SOC were scarce. Especially

additional data on trends and equilibria under specific management conditions might promote further

improvement of the model and help with the parameterisation of new PFTs. We based our parameter-

isation of the new PFTs on expert estimates for the C, S, and R PFT covers. While we are confident

that these estimates were adequate, data on a small number of traits would be sufficient to calculate the

shares for each PFT following Pierce et al. (2013), and we would like to encourage including such data

as a standard in sampling procedures for future experiments.

The scenarios we examined here only involved the reduction of stress by removing either water or ni-

trogen limitations. Additional insight might be gained from doing the opposite and imposing additional

limitations or looking into gradual changes in environmental conditions.

3.5 Conclusions

We presented a new approach for large-scale models and DGVMs to simulate the three main CSR strate-

gies of managed grassland PFTs. In addition to improving the simulation of forage offtake or leaf

biomass and SOC at three different sites, the approach successfully simulated the dynamic community

composition at these sites and reproduced the spectrum of plant form and function (Dı́az et al., 2016).

This is a major improvement, allowing researchers to explicitly assess how the presence or absence of

specific plant strategies affects ecosystem functioning and thus ecosystem service provision of managed

grasslands. Using this new feature, scenarios for projections of forage offtake, leaf biomass and SOC

under climate change can be complemented with different constraints on the adaptive capacity of the

vegetation. Such projections can provide a range of future grassland productivity as decision-support
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for policy-makers. To further improve these projections, extending the sites by considering habitats with

intermediate environmental conditions as well as the scenarios by including additional resource limita-

tions (e.g. droughts) or gradual changes of environmental conditions (e.g. temperature increase) could

be useful to gain additional insights into the model and to study the complex interactions of climate

change, management and functional diversity.

Code and data availability: The source code is publicly available under the GNU AGPL version 3 license. An
exact version of the code described here and the data used to create the figures is archived under https://zenodo.org/records/
10217244 (Wirth et al., 2023).
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T. M. Rosan, J. Schwinger, R. Séférian, J. D. Shutler, I. Skjelvan, T. Steinhoff, Q. Sun, A. J. Sutton, C. Sweeney, S.
Takao, T. Tanhua, P. P. Tans, X. Tian, H. Tian, B. Tilbrook, H. Tsujino, F. Tubiello, G. R. van der Werf, A. P. Walker,
R. Wanninkhof, C. Whitehead, A. Willstrand Wranne, R. Wright, W. Yuan, C. Yue, X. Yue, S. Zaehle, J. Zeng, and B.

103



Chapter 3

Zheng (2022). “Global Carbon Budget 2022”. In: Earth Syst. Sci. Data 14.11, pp. 4811–4900. ISSN: 1866-3508. DOI:
10.5194/essd-14-4811-2022. (Visited on 11/14/2023).

Godde, C. M., I. J. M. de Boer, E. zu Ermgassen, M. Herrero, C. E. van Middelaar, A. Muller, E. Röös, C. Schader, P. Smith,
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Abstract: Biological nitrogen fixation (BNF) by symbiotic and free-living bacteria is an important source of

plant-available nitrogen (N) in terrestrial ecosystems supporting carbon (C) sequestration and food production

worldwide. Dynamic global vegetation models (DGVMs) are frequently used to assess the N and C cycles under

dynamic land use and climate. BNF plays an important role in the components of both these cycles, making a ro-

bust representation of the processes and variables that BNF depends on important to reduce uncertainty within the

C and N cycles and improve the ability of DGVMs to project future ecosystem productivity, vegetation patterns or

the land C sink. Still, BNF is often modelled as a function of net primary productivity or evapotranspiration, and

the actual drivers are neglected. We implemented plant-functional-type-specific limitations for BNF dependent

on soil temperature and soil water content, as well as a cost of BNF, in the Lund–Potsdam–Jena managed Land

(LPJmL) DGVM and compared the new (“C-costly”) against the previous (“Original”) approach and data from the

scientific literature. For our comparison, we simulated a potential natural vegetation scenario and one including

anthropogenic land use for the period from 1901 to 2016 for which we evaluate BNF and legume crop yields. Our

results show stronger agreement with BNF observations for the C-costly than the Original approach for natural

vegetation and agricultural areas. The C-costly approach reduced the overestimation of BNF, especially in hot
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spots of legume crop production. Despite the reduced BNF in the C-costly approach, yields of legume crops were

similar to the Original approach. While the net C and N balances were similar between the two approaches, the

reduced BNF in the C-costly approach results in a slight underestimation of N losses from leaching, emissions

and harvest compared to the values in the literature, supporting further investigation of the underlying reasons,

such as processes represented in DGVMs and scenario assumptions. While we see the potential for further model

development, for example, to separate symbiotic and free-living BNF, the C-costly approach is a major improve-

ment over the simple Original approach because of the separate representation of important drivers and limiting

factors of BNF, and the C-costly approach also improves the ability of LPJmL to project future C and N cycle

dynamics.

4.1 Introduction

Biological nitrogen fixation (BNF) is an important source of plant-available nitrogen (N) in terrestrial

ecosystems (Galloway et al., 1995). It can be separated into symbiotic (Granhall, 1981) and free-living

(Reed et al., 2011) BNF, which account for the total BNF with different shares in different ecosystems

(Davies-Barnard and Friedlingstein, 2020b). In natural terrestrial ecosystems, N deposition, N fixation

through lightning, and BNF are the only processes that introduce additional reactive N into the system

(Yu and Zhuang, 2020). In agricultural systems, increased N inputs are – together with extensive manure

recycling – a major source of nitrous oxide (N2O) and ammonium (NH4
+) emissions (Reay et al., 2012;

Tian et al., 2020) and nitrate (NO3
−) pollution (Moss, 2007). These inputs result from increased BNF

and the deposition of additional anthropogenic N inputs, which originate mainly from synthetic fertiliser

application (Lu and Tian, 2017). Promoting N-fixing crops such as forage and grain legumes for usage as

green manure has been discussed (Becker et al., 1995; Fageria, 2007; Northup and Rao, 2016) to reduce

N losses from nitrification, volatilisation, denitrification and leaching on agricultural land. Generally,

symbiotic BNF, as well as free-living BNF, can be important for plant growth in N-limited ecosystems,

and this supports carbon (C) sequestration and food production across the globe.

Briefly, BNF describes the transformation of atmospheric N2 to ammonia (NH4
+) by a variety of

soil microorganisms providing a source of mineral N for plants at the expense of C (Yu and Zhuang,

2020). The underlying mechanisms of BNF, as well as its role within the C and N cycles and for

ecosystem productivity, have been described in detail in multiple studies (e.g. Cleveland et al., 1999;

Davies-Barnard and Friedlingstein, 2020b; Yu and Zhuang, 2020). Here, we focus on the representation

of BNF in the Lund–Potsdam–Jena managed Land (LPJmL) dynamic global vegetation model (DGVM)

(Heinke et al., 2023; Herzfeld et al., 2021; Lutz et al., 2019; Porwollik et al., 2022; Schaphoff et al.,

2018; von Bloh et al., 2018). We do not distinguish between symbiotic and free-living BNF throughout

this study but only consider the total BNF as the sum of both forms.

DGVMs such as LPJmL can be used to assess the role of BNF for the productivity of natural and
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agricultural ecosystems and its effects on the N and C cycles under dynamic land use and climate.

A solid representation of the processes behind BNF is important to reduce uncertainty and improve

the model results of DGVMs, which are frequently used in impact assessments and to inform policy-

makers. A variety of approaches of different complexity to model BNF have been developed. A key

difference between approaches is the selection of variables that control BNF and the accounting of the C

cost of BNF. For example, Cleveland et al. (1999) use actual evapotranspiration as a single explanatory

variable, while Yu and Zhuang (2020) consider soil temperature, soil water content, soil mineral N and

soil C content. Both of these approaches do not consider the cost of BNF neglecting the reduced C

assimilation (Cleveland et al., 1999; Yu and Zhuang, 2020), while others explicitly consider a cost per

amount of N fixed and a maximum amount of C that can be invested in BNF (e.g. Ma et al., 2022). Even

more complex approaches consider the different pathways of N uptake that are associated with a cost

(active N uptake, retranslocation and BNF) and optimise for the minimum cost (e.g. Fisher et al., 2010).

Depending on the considered variables, the simulated BNF and how it is affected by climate change

may strongly differ, which in turn can have strong effects on the simulated C and N fluxes and pools.

A comparison to data published by Davies-Barnard and Friedlingstein (2020a) suggests that the ap-

proach that was implemented in LPJmL (von Bloh et al., 2018) based on Cleveland et al. (1999) – in

the following defined as the “Original” approach – overestimates global BNF. In addition, we identified

several shortcomings of the Original approach in LPJmL. In the Original approach, BNF is a func-

tion of actual evapotranspiration, which leads to an overestimation of BNF in moist but not necessarily

N-limited ecosystems and an underestimation in dry but N-limited ecosystems. In this simplified im-

plementation, BNF is not constrained by the availability of reactive forms of N, and additional N is

fixed even if the reactive soil N is sufficient to fulfil the N demand, which potentially leads to an over-

estimation of the ammonia pool and N losses. For cultivated grain legumes, the approach assumes no

limitation of BNF at all but simply supplies all N requested by the plant that cannot be fulfilled through

N uptake from mineral N pools in the soil. This leads to an overestimation of cropland BNF. In order

to overcome these deficiencies, here we describe a revision of the Original approach in LPJmL with a

more complex approach, referred to as “C-costly” approach in the following. The C-costly approach

is inspired by Ma et al. (2022) and Yu and Zhuang (2020) and introduces plant-functional-type (PFT)-

specific limitations for BNF dependent on soil temperature and soil water content, as well as a C cost

of BNF. In the following, we present the C-costly BNF approach and evaluate its performance against

global and site-specific data. We discuss the differences between the Original and the C-costly BNF

approach for the N cycle and plant productivity.
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4.2 Methods

4.2.1 Model description

LPJmL is a dynamic global vegetation model (DGVM) with the full terrestrial hydrology and explicit

representation of agricultural management systems for cropland and pastures. We have implemented

the BNF module in the most recent development branch, which is based on a consolidated version of

the carbon-only model (LPJmL4, Schaphoff et al., 2018), the N cycle (LPJmL5, von Bloh et al., 2018),

tillage (Lutz et al., 2019), manure (Herzfeld et al., 2021), cover crop (Porwollik et al., 2022) and grazing

management (Heinke et al., 2023) modules. There have been further model improvements that have not

been described in publications elsewhere, including improved online coupling options with other models

such as IMAGE (Müller et al., 2016) or copan:CORE (Donges et al., 2020). For a better representation

of crops that are not explicitly represented (referred to as “others”), these are no longer assumed to

be identical to managed grassland (Bondeau et al., 2007) but can be simulated as separate stands with

distinct management inputs (e.g. fertiliser amounts).

The original spin-up protocol for LPJmL4, described in Schaphoff et al. (2013), was modified to ac-

count for the interaction between soils and plants through N supply in LPJmL5. The principal technique

to accelerate the spin-up by calculating the equilibrium soil C stocks from litter decomposition (i.e. the

flux of C into the soil C pools) and soil C turnover rates (or residence time) remains the same as in

Schaphoff et al. (2013). However, the original code was refactored to improve the accuracy of estimates

of equilibrium stocks and to apply the technique to soil C and N pools simultaneously.

In LPJmL5, an adjustment of N pools can lead to a change in plant productivity through a change

in N supply from mineralisation. To account for this feedback, the C and N stock adjustments need

to be repeated multiple times until the soil and the vegetation reach equilibria. The revised spin-up

procedure starts with an initial period of 300 years, during which vegetation is allowed to establish.

This is followed by a 2400-year period, during which soil C and N pools are updated every 15 years

based on the litter decomposition and soil pool turnover rates of the preceding 10 years. This long period

with repeated adjustment (160 times) of C and N pools is required to reach an equilibrium in regions

with very low turnover rates (e.g. in the boreal zone). To reduce the effect of inter-annual variability on

estimates of equilibrium stocks, a final adjustment is applied after 300 simulation years, using the litter

decomposition and soil pool turnover rates over that period. Finally, the model is allowed to adjust to

the new C and N stocks for another 500 simulation years.

To assess the effectiveness of the spin-up procedure, we conducted a 1000-year model run under the

same conditions as during the spin-up period (i.e. stable pre-industrial atmospheric CO2 concentration,

atmospheric N deposition and climate) for which we present results in Appendix C.3.

Further changes to the code since the last published version (see Porwollik et al., 2022) include vari-
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ous bug fixes concerning fertiliser and manure application, data output, environmental flow requirements

(Jägermeyr et al., 2017), soil temperature (Schaphoff et al., 2013) and bioenergy plantations (Beringer

et al., 2011). The latest code changes are now also documented in a CHANGELOG.md file as part of the

code repository (Wirth et al., 2023).

4.2.2 BNF-relevant nitrogen cycle components in LPJmL

While we refer to von Bloh et al. (2018) for a detailed description and evaluation of the N cycle in

LPJmL, we briefly describe the main processes that determine N deficit – which is the prerequisite for

N fixation in the C-costly approach – and the Original approach here and provide the full equations in

Appendix C.1. An N deficit is defined as the difference between the plant N demand (Eq. C.4) and the

active and passive N-uptake (Eq. C.5) and labile-N reserves (Eq. C.11).

Ndeficit,t = Ndemand,t − (Nuptake,t +Nlabile,t) (4.1)

The N demand accounts for N required to produce RuBisCo, depending on the maximum carboxy-

lation capacity and the leaf area index (LAI) of the respective PFT (Eq. C.1, first summand) and the

structural N demand, depending on the current N content of the different plant compartments (Eq. C.1,

second summand, and Eq. C.4). N reserves are included using a PFT-specific parameter (Eq. C.4).

The N uptake is calculated as a combination of passive and active N uptake from the soil and is a

function of the potential N uptake of the root system (Eq. C.5), which is reduced to account for soil

mineral N availability (Eq. C.8), soil temperature (Eq. C.9) and plant N starvation (Eq. C.10). Labile N

reserves represent the N currently available from past N uptake, BNF or retranslocation (Eq. C.11).

In the Original approach, BNF was calculated from the 20-year average of annual evapotranspiration

(etp) for tree and herbaceous PFTs, following the function from Cleveland et al. (1999):

BNF =


max(0, (0.0234 · etp − 0.172)/10/365) if Croot > 20 gC m−2

0 otherwise.
(4.2)

The resulting BNF is added to the NH4
+ pool of the first soil layer. For crop PFTs, BNF equals Ndeficit

and is directly added to Nlabile.

4.2.3 The C-costly approach

A key feature is the connection of BNF to an associated cost represented as a reduction in the net primary

production (NPP). The C-costly approach calculates actual BNF (Nfix) from the potential BNF (Nfix,pot)

using several reduction factors. First, the N fixation rate for the environmental conditions Nfix,env is
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calculated from Nfix,pot for the first two soil layers, l = 1, 2, accounting for reductions by dimensionless

soil temperature and soil water content (SWC) limitation functions (fT , fW) and the root distribution

rootdist in the interval [0, 1] (Ma et al., 2022):

Nfix,env =
2∑

l=1

Nfix,pot · fT (Tsoil,l) · fW(SWCl) · rootdistl. (4.3)

The soil temperature limitation is increasing linearly outside the optimal temperature interval, [Topt,low,

Topt,high] (Eq. 4.4; Fig. 4.1a), and it prohibits BNF if outside the tolerable temperature interval, [Tmin, Tmax],

while the soil water limitation is linearly dependent on the relative soil water content, SWC (Eq. 4.5;

Fig. 4.1b).

fT (Tsoil) =



0, if Tsoil < Tmin or Tsoil > Tmax

Tsoil−Tmin
Topt,low−Tmin

, if Tmin ≤ Tsoil < Topt,low

1, if Topt,low ≤ Tsoil ≤ Topt,high

Tmax−Tsoil
Tmax−Topt,high

, if Topt,high < Tsoil ≤ Tmax.

(4.4)

fW(SWC) =


0, if SWC ≤ SWClow

φ1 + SWC · φ2, if SWClow < SWC < SWChigh

1, if SWC ≥ SWChigh.

(4.5)

The root distribution is calculated as in Eq. (C.7). Since only the fraction of roots in the first two soil

layers is used for BNF, shallow root profiles lead to a higher BNF compared to deep root profiles. Nfix,pot,

Tmin, Topt,low, Topt,high, Tmax, SWClow, SWChigh, φ1 and φ2 are PFT-specific parameters (Table 4.1), and

their values are adopted from Yu and Zhuang (2020) for the natural vegetation PFTs and from Ma et al.

(2022) for soybean and pulses.

Figure 4.1: Dimensionless temperature limitation function fT (T ) (a) and soil water limitation function
fW(SWC) (b).
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Table 4.1: BNF-related PFT-specific parameter values for the tropical broadleaved evergreen tree
(TrBE), tropical broadleaved raingreen tree (TrBR), temperate needleleaved evergreen tree
(TeNE), temperate broadleaved evergreen tree (TeBE), temperate broadleaved summergreen
tree (TeBS), boreal needleleaved evergreen tree (BoNE), boreal broadleaved summergreen
tree (BoBS), boreal needleleaved summergreen tree (BoNS), tropical herbaceous (TrH), tem-
perate herbaceous (TeH), polar herbaceous (PoH), soybean and pulses.

PFT Nfix,pot Tmin Topt,low Topt,high Tmax SWClow SWChigh φ1 φ2 fNPP costBNF ffixer

gN m−2 d−1 ◦C ◦C ◦C ◦C m3 m−3 m3 m−3 – – – gC gN−1 –
TrBE 0.01 0.5 20 35 45 0 0.5 0 2.0 0.14 6 0.05
TrBR 0.01 0.5 20 35 45 0 0.5 0 2.0 0.14 6 0.05
TeNE 0.01 0.5 16 35 45 0 0.5 0 2.0 0.14 6 0.01
TeBE 0.01 0.5 18 35 45 0 0.5 0 2.0 0.14 6 0.01
TeBS 0.01 0.5 18 35 45 0 0.5 0 2.0 0.14 6 0.01
BoNE 0.01 0.5 12 25 45 0 0.5 0 2.0 0.14 6 0.03
BoBS 0.01 0.5 12 25 45 0 0.5 0 2.0 0.14 6 0.03
BoNS 0.01 0.5 12 25 45 0 0.5 0 2.0 0.14 6 0.03
TrH 0.01 0.5 20 35 45 0 0.5 0 2.0 0.14 6 0.05
TeH 0.01 0.5 18 35 45 0 0.5 0 2.0 0.14 6 0.01
PoH 0.01 0.5 12 25 45 0 0.5 0 2.0 0.14 6 0.03
Soybean 0.1 5 20 35 44 0.2 0.8 −0.33 1.67 0.25 6 1
Pulses 0.1 1 16 25 40 0 0.5 0 2.0 0.25 6 1

If Nfix,env exceeds the amount of N missing to fulfil the N demand of the current day (the N deficit

Ndeficit), the N fixation is reduced as follows:

Nfix,need = min(Ndeficit, Nfix,env). (4.6)

Finally, if the cost of the N fixation exceeds the NPP available for BNF, then the N fixation is further

reduced to match the maximum amount that can be fixed with the current day’s NPP share available for

BNF.

Nfix(NPP) =


Nfix,need, if costBNF ·Nfix,need < ffixer · fNPP · NPP

ffixer · fNPP · NPP/costBNF, otherwise,
(4.7)

where fNPP is the maximum share (dimensionless) of NPP available for BNF, which is set to 0.14

(Kull, 2002) for the natural PFTs and to 0.25 for soybean and pulses. The average N fixer fraction

(ffixer) is set to 0.05 for the tropical, to 0.01 for the temperate and to 0.03 for the boreal zone (Yu and

Zhuang, 2020). PFTs only fix additional N if the N uptake from other sources is insufficient and the net

primary productivity (NPP) is larger than zero. The costs of BNF are set at a moderate constant value

of 6 gC gN−1 (Boote et al., 2009; Kaschuk et al., 2009; Patterson and Larue, 1983; Ryle et al., 1979).

4.2.4 Modelling protocol

To compare the two BNF approaches, we simulated two scenarios. The first is a potential natural

vegetation (PNV) scenario, which does not include anthropogenic land use or agricultural production

systems. The second is a scenario that includes agricultural land use (LU). The same input data sets were

115



Chapter 4

used for all scenarios. We used the climate data from the GSWP3-W5E5 data set (Cucchi et al., 2020;

Kim, 2017; Lange et al., 2022), historical atmospheric N deposition (Yang and Tian, 2020), historical

atmospheric CO2 concentrations (Büchner and Reyer, 2022), historical land-use patterns (Ostberg et al.,

2023) and grazing management data (Stenzel et al., 2023). For both BNF approaches, we conducted

spin-up simulations of 3500 years using a random permutation of the climate data from 1901 to 1930.

These spin-up simulations ensure that the C and N balances are in equilibrium. Afterwards, land use is

introduced, and a second spin-up period of 390 years is run to capture the effects of historical land-use

change on the C and N cycle. Following the two spin-up simulations, the model is run from 1901 until

2016 using the transient input data.

4.2.5 Model evaluation

We compared simulated total global BNF for both approaches against several estimates which were

derived empirically or reported in other modelling studies. Data on these estimates are available from

Davies-Barnard and Friedlingstein (2020a). The global BNF is calculated as the sum of BNF per area

times grid cell area over all grid cells:

BNFglob =

ncell∑
cell

BNFcell · areacell. (4.8)

For the evaluation we calculate the median, minimum and maximum between 2001 and 2010 and quali-

tatively compare these values against past estimates. We calculated the overlap between our results and

the reported data if minimum and maximum values were available.

Overlap =


0 if xmin > ymax or xmax < ymin

(min(xmax, ymax)−max(xmin, ymin))/(ymax − ymin) otherwise,

(4.9)

where xmin and xmax are the simulated minimum and maximum, and ymin and ymax are the minimum

and maximum values from the literature.

In addition, we compared our results to data obtained at several sites for the natural vegetation

(Davies-Barnard and Friedlingstein, 2020a) and legume crops (Ma et al., 2022). To evaluate legume

crop BNF and yields, we conducted additional local simulations matching the coordinates of the exper-

iments following the protocol described in Sect. 4.2.4 but ensured that the respective crops (soybean or

pulses) were grown under the reported water management (rainfed or irrigated). We calculated the root
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mean square error (RMSE) as follows:

RMSE =

√√√√ N∑
n

(xn − yn)2/N, (4.10)

where N is the number of observations, and xn and yn are the simulated and observed values.

4.3 Results

4.3.1 Comparison of the BNF approaches

Comparing the simulated BNF of both approaches to data from the literature and experiments showed a

substantial improvement of the global BNF (Sect. 4.3.1.1), as well as the latitudinal and spatial patterns

(Sect. 4.3.1.2).

4.3.1.1 Comparison to data and other models

The two approaches show large differences in the simulated BNF. While the median global BNF be-

tween 2001 and 2010 was 191TgN yr−1 for the Original approach, for the C-costly approach it was

substantially lower, with a value of 109TgN yr−1 (Fig. 4.2a). Comparing the global BNF of both ap-

proaches to estimates from the scientific literature shows the agreement of the C-costly values with

several other data sources, while the Original approach overestimates most of the literature values. In

particular, the recent estimate by Davies-Barnard and Friedlingstein (2020a) was closely matched by

the C-costly approach, and 60 % of the simulated data were within the range of the Davies-Barnard and

Friedlingstein (2020a) data (Fig. 4.2a). Despite the fact that the Original approach was not derived from

the empirical relationship of Cleveland et al. (1999) for the legume crops, the data from Cleveland et al.

(1999) are well matched by the Original approach, and only the spread of the Cleveland et al. (1999)

data is underestimated. In comparison to the data of Xu-Ri and Prentice (2017), who reported much

higher values compared to the other studies, BNF is underestimated by both approaches implemented in

LPJmL. However, large differences are to be expected, considering that their approach does not calculate

the actual BNF but rather the BNF needed to sustain global NPP (Xu-Ri and Prentice, 2017).

Comparing the spatial patterns of the two approaches to those of Davies-Barnard and Friedlingstein

(2020a) shows that the Original approach generally overestimated BNF in large areas of the tropics

and temperate zones (Fig. C.5c). The C-costly approach still overestimates BNF in the tropics and the

production areas of soybean and/or pulses in India and the United States of America (USA), but the

values are substantially smaller than in the Original approach (Fig. C.5f). In both approaches, observed

BNF is slightly underestimated in the central to western part of the USA, Canada, China, Kazakhstan,
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Figure 4.2: Evaluation against global (a) and site-specific data (b, c). Global evaluation plot inspired
by Davies-Barnard and Friedlingstein (2020a) showing global BNF (in TgN yr−1) from
different studies (black) compared to the Original (red) and C-costly (blue) BNF approach
implemented in LPJmL. Studies are labelled by author names and whether they consider
potential natural vegetation (PNV), actual natural vegetation (NV) or actual land use (LU).
We assigned the Davies-Barnard and Friedlingstein (2020a) data to the LU category because
they consider cropland area as grasslands and not as potential forest areas. Percentage values
give the overlap between the ranges of the simulation results and the literature estimates
derived using Eq. (4.9). Simulated values are the median between 2001 and 2010, and
the ranges show the minimum and maximum. Site-specific evaluation (b, c) comparing
data from observations for soybean (green) and pulses (blue) for rainfed (RF) (circle) and
irrigated (IR) (triangle) experiment and simulation results is shown using the Original (b)
and C-costly (c) BNF approaches. Labels show the RMSE of the two approaches.

Russia and Mongolia.

On croplands, BNF was 21TgN yr−1 with the C-costly approach, which is within the range of 17

to 31TgN yr−1 reported by a recent review (Zhang et al., 2021) and other studies (Bodirsky et al.,

2012; Chang et al., 2021). This contrasts with the overestimation of cropland BNF in the Original

approach, which was 68TgN yr−1. For the two legume crop functional types representing soybean and

pulses, we compared the simulation results to BNF and yield data from experiments (Figs. 4.2b and c

and C.2a and b). For all except two experiments, the Original approach strongly overestimated BNF

independent of the crop and the irrigation management. Using the C-costly approach, the cropland BNF

was strongly reduced by a factor of approximately 2, leading to substantially lower RMSEs. While

simulation results were closer to observations, some deviations remain. Pulses generally showed lower

BNF for both approaches compared to soybean, while irrigated simulations generally showed a higher
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Figure 4.3: Simulated average annual BNF (in gN m−2 yr−1) for the years 2001 to 2010 using the Orig-
inal (a) and C-costly (b) approaches. The average (line) and 5th to 95th percentiles (shading)
of simulated and observed BNF per latitude (in gN m−2 yr−1), using the Original (red) and
C-costly (blue) approaches and data from Davies-Barnard and Friedlingstein (2020a) (DBF),
are shown (c).

BNF and overestimated BNF compared to observations for all experiments in the Original approach and

for the vast majority in the C-costly approach. Crop yields barely differed between the two approaches

and were comparable to observations (Fig. C.2a and b).

4.3.1.2 Global variation in BNF

Generally, BNF decreases from low to high latitudes with similar gradients but from different levels

for the two approaches (Fig. 4.3). In latitudes with a high share of crop legumes (e.g. 30 to 40◦ S),

the reduction in the BNF in the C-costly approach is especially large. Both the Original and the C-

costly approaches underestimate BNF at high latitudes (the Original more strongly so) compared to

Davies-Barnard and Friedlingstein (2020a). The C-costly approach shows a good performance in the

mid-latitudes, but both approaches overestimate BNF compared to observations in the tropics (Fig. 4.3).

In the Original approach, especially the high BNF of cropland contributes to the overestimation. For

the low latitudes, both approaches exceed the values from Davies-Barnard and Friedlingstein (2020b).

However, the higher BNF in the tropics is comparable to the median of the TRENDY-N ensemble (see

Sect. 4.4 and Kou-Giesbrecht et al., 2023).
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With the Original approach, mineral N was added to the first soil layer and subsequently incorporated

by the PFTs via the passive and active N-uptake pathway. This did not allow a separate identification of

N to be taken up via BNF from the total N uptake, except for the legume crops which fixed their entire N

deficit. Using the C-costly BNF, the model separates N uptake by BNF from passive and active N uptake

against N concentration gradients (Fisher et al., 2010; Marschner et al., 1991), facilitating the analysis

of the share of BNF in total N uptake subsequently referred to as %Ndfa, which is commonly used to

refer to this variable in the empirical literature (e.g. Herridge et al., 2008). In the PNV simulation,

values for %Ndfa were between 0 % and 20 % for most of the grid cells (Figs. C.8 and C.9b). The

distribution is bimodal, showing a peak below 5 % and one at approximately 10 %. For the dynamic

land-use simulation, the values for %Ndfa are similar, but the second peak is barely distinguishable

because of a higher share of %Ndfa values between 5 % and 10 % (Figs. C.8 and C.9a). For the crop

legumes, %Ndfa is substantially higher, with the peak at around 80 % (Fig. C.8d). The highest values are

simulated at low latitudes, especially in India, sub-Saharan Africa and South America, while the lowest

values are simulated in Canada, Russia and southern China (Fig. C.9d). In the Original approach, %Ndfa

of legume crops was almost exclusively 100 % (Fig. C.8e).

In both approaches, BNF per area is higher for agricultural land than for natural vegetation (Fig. C.4d

and f). BNF is especially high in hot spots of legume crop production such as Argentina, Brazil, India

and the USA (Fig. 4.3a and b). While the spatial pattern is similar between the two approaches, in the

Original approach, the cropland BNF leads to prominent peaks in the latitudinal distribution (Fig. 4.3c).

These peaks correspond to hot spots of legume crop production, where the C-costly approach is up to

15 gN m−2 yr−1 lower (Fig. C.5).

For natural vegetation, the differences are smaller. Here, the BNF in the Original approach is up to

4 gN m−2 yr−1 higher compared to the C-costly approach (Fig. C.5). Here, the spatial patterns differ

and show a stronger reduction in the BNF in dry regions (e.g. central Australia, the Eurasian steppe

regions, southeast China and parts of Africa).

The various natural PFTs contribute differently to the lower overall BNF in the C-costly approach

(Figs. C.6 and C.7). To some extent, this reflects changes in the PFT distribution (Figs. C.11 and C.12 in

the Appendix). For the tropical PFTs, BNF is lower for the broadleaved raingreen tree (∆5.25TgN yr−1;

Fig. C.6b) and the herbaceous PFT (∆14.1TgN yr−1; Fig. C.6i) and higher for the broadleaved ever-

green tree (∆7.3TgN yr−1; Fig. C.6a). While the temperate needleleaved evergreen tree PFT con-

tributed to BNF in low latitudes outside its expected habitat (e.g. in India and Brazil) in the Origi-

nal approach, this issue was resolved with the C-costly approach (Fig. C.6c). The temperate PFTs

all fix less N in the C-costly approach than in the Original approach. The reductions are smaller for

the broadleaved evergreen (∆3.6TgN yr−1; Fig. C.6d) and summergreen (∆3.8TgN yr−1; Fig. C.6e)

tree and the herbaceous PFT (∆4.7TgN yr−1; Fig. C.6j) compared to the needleleaved evergreen tree
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(∆9.1TgN yr−1; Fig. C.6c). The BNF of boreal PFTs is similar (∆ around 0.5TgN yr−1; Fig. C.6f, g,

and k) for all PFTs, except the needleleaved summergreen tree (∆1.2TgN yr−1; Fig. C.6h), which fixes

less N in the C-costly approach. In the Original approach, the temperate herbaceous PFT contributed

twice as much as in the C-costly approach to the biological N fixation of the polar vegetation (Fig. C.6j).

For pulses, the BNF was 14.6TgN yr−1, and for soybean,the BNF was 6.4TgN yr−1 lower with the

C-costly approach.

4.3.2 Effects on the nitrogen and carbon cycle and productivity

In LPJmL the C and N cycles are coupled via, for example, the N limitation of gross primary productivity

(GPP), which controls the amount of assimilated C, the role of plant organ carbon-to-nitrogen (C : N)

ratios for maintenance respiration and the availability of the resulting NPP for BNF. Additionally, the N

content of the different plant organs (leaves, roots, sapwood, heartwood and storage organs) is derived

dependent on the respective C content ensuring that their C : N ratios remain within a prescribed range.

As a result, the N balance components presented in the following section are strongly shaped by their C

cycle counterparts as the overall C and N balances represented by LPJmL are intimately linked.

We describe the N balance as the sum over in- and outfluxes of the vegetation and the soil. Therefore,

the overall balance contains a change in vegetation and soil N stocks, including organic and mineral

forms of N.

4.3.2.1 Potential natural vegetation

Simulating only natural vegetation resulted in a positive terrestrial N balance with an average sink of

52TgN yr−1 for the Original approach and 54TgN yr−1 for the C-costly approach between 2001 and

2010 (Fig. 4.4a and b and Table 4.2). In 1901, N in- and outputs were almost balanced, and the sink

remained small until the 1950s when N inputs from deposition increased, resulting in an increased

sink. While the overall N balance was similar for both BNF approaches, the size of several components

was different. The total BNF simulated with the Original approach was approximately double that of

the C-costly BNF, leading to higher soil mineral N and organic C and N stocks. However, mineral N

stocks were not utilised by the vegetation but instead lost to the atmosphere and waterbodies, leading to

higher N emissions and leaching using the Original approach. Here, 112TgN yr−1 were emitted and

56TgN yr−1 were leached on average between 2001 and 2010, while for the C-costly approach, only

79TgN yr−1 were emitted and 39TgN yr−1 were leached (Table 4.2). All types of emissions are lower

with the C-costly approach. NH3 emissions from volatilisation decrease by 14TgN yr−1, N2 emissions

by 12TgN yr−1, N2O emissions by 3TgN yr−1 and fire emissions by 5TgN yr−1. Synchronised

with the increase in deposition over time, emissions and leaching also increase in both approaches, with
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Figure 4.4: Global terrestrial N balance. Scenarios include the Original approach, the C-costly approach
for natural vegetation and actual land use. Net balance is denoted by the black line. N inputs
include N from manure, synthetic fertiliser deposition, PFT establishment (Estab) and BNF.
N losses include leaching, volatilisation, N2 emissions, fire N, harvested N, land-use change
emissions (deforestation and product turnover) and N2O emissions from nitrification and
denitrification.

stronger increases in the C-costly approach. Overall, N inputs increased by 35TgN in total from 1950 to

2000 in the Original approach and by 42TgN in the C-costly approach, while N losses from emissions

and leaching increased by 1 and 4TgN, respectively (Table 4.2).

In addition to the changes in several N cycle components, we excepted changes in C cycle com-

ponents. Overall, the C balance was similar for both approaches (Fig. C.10a and b). For the PNV

simulations, the only C input into the system was the NPP. The NPP was 2.2PgC yr−1 lower with the

C-costly approach compared to the Original approach. However, C losses from heterotrophic respiration

and fire were also lower by 1.9 and 0.3PgC yr−1, respectively.

4.3.2.2 Dynamic land use

The simulations with dynamic land use include agricultural production and related additional N in- and

outputs. Additional inputs are N from the application of manure and synthetic fertilisers, and additional

outputs are N removed through crop harvesting, grazing and emissions from land-use change. The

differences in the total BNF, soil mineral N and organic C and N stocks are similar to the PNV simu-

lations. Between 2001 and 2010, LPJmL simulated an average N sink of 44TgN yr−1 for the Original

and 45TgN yr−1 for the C-costly approach (Fig. 4.4c and d and Table 4.2). Already in 1901, the N

122



Chapter 4

Table 4.2: N balance values for 2001 to 2010 shown in the figures. LUC (land-use change) includes
deforestation emissions, product turnover and negative N fluxes.

Original C-costly Literature Original PNV C-costly PNV Literature
N losses (TgN yr−1) 344 263 168 118
Leaching 74 55 93a, 68b 56 39 28.6c

Volatilisation 43 32 21.4d,e 31 17 –
N2 emissions 60 47 68a, 64.2b 52 40 –
N2O emissions 13 10 10.9f , 13g, 10h, 12 9 –

7.4–12.3i, 12.9 j

Fire 10 8 – 17 13 –
Harvest 142 108 – 0 0 –
LUC 2 2 – 0 0 –
N gains (TgN yr−1) 388 307 – 220 172 –
BNF 191 110 See Fig. 4.2 153 104 19.8–107.9k

Establishment fluxes 12 12 – 0 0 –
Deposition 67 67 – 67 67 –
Fertilisation 99 99 – 0 0 –
Manure 19 19 – 0 0 –
Net balance (TgN yr−1) 44 45 52 54

a Bouwman et al. (2013). b Zaehle et al. (2010). c Braakhekke et al. (2017). d Volatilisation from natural soils (2.4TgN yr−1)
from Bouwman et al. (2002). e Volatilisation from manure and synthetic fertiliser on croplands and grasslands (19TgN yr−1)
from Bouwman et al. (1997). f Galloway et al. (2004). g Sutton et al. (2013). h Tian et al. (2019). i Tian et al. (2020). j Scheer
et al. (2020). k Yu and Zhuang (2020).

balances of the PNV and dynamic land-use simulations diverge. Since there are no synthetic fertiliser

inputs in 1901, only the relatively small additional inputs from establishment and manure were counter-

acted by N removal through crop harvesting and land use change emissions, shifting the total N balance

towards a smaller source. This persists even after inputs from manure and fertiliser were increased from

the 1950s onwards, which not only resulted in higher crop yields, and therefore N removed through

harvesting, but also increased N losses from emissions and leaching. As was shown for the PNV sim-

ulations, the overall N balance is similar for both approaches but with different in- and output terms

driven by the higher BNF in the Original approach. N emissions and leaching for the Original approach

(128 and 74TgN yr−1, respectively) were higher than for the C-costly approach (99 and 55TgN yr−1,

respectively) (Table 4.2). Similar to the PNV scenario, all types of emissions are lower with the C-costly

approach. NH3 emissions from volatilisation decrease by 11TgN yr−1, N2 emissions by 13TgN yr−1,

N2O emissions by 3TgN yr−1 and fire emissions by 2TgN yr−1. N removal from harvesting was

142TgN yr−1 on average between 2001 and 2010 for the Original approach and 108TgN yr−1 for the

C-costly approach. This indicates a stronger N limitation of agricultural areas in the C-costly approach.

The majority of this reduction can be attributed to managed grassland and not croplands (Figs. C.13

and C.14).

Similar to the PNV simulations, the overall C balance barely differed between the two approaches

(Fig. C.10c and d). While the C input from manure and establishment was similar for both approaches,

NPP was 1.8PgC yr−1 lower in the C-costly approach. C lost from land-use change was similar. Fire

emissions and C removed through harvesting only differed by 0.1PgC yr−1, while heterotrophic respi-

ration was 1.4PgC yr−1 lower in the C-costly approach than in the Original approach.
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4.4 Discussion

While the Original approach only indirectly accounts for temperature and water limitation, as these also

limit evapotranspiration and NPP, the C-costly approach explicitly considers the limitation of BNF from

soil temperature, water content and NPP separately. These have long been established as limiting factors

for BNF. Depending on the prevailing conditions, BNF may be limited more strongly by temperature

or soil moisture or a combination of both. The role of temperature was explored early on by Meyer

and Anderson (1959) and was followed by numerous studies for different plant species or legume crop

varieties and temperature ranges (e.g. Montañez et al., 1995). Such studies allowed the quantification of

optimal temperature ranges and limits facilitating the development of functions such as fT (Tsoil), which

are based on empirically derived temperature curves (e.g. Halliday and Pate, 1976). A similarly large

literature body exists on the role of soil moisture (e.g. Rousk et al., 2018; Serraj et al., 1999). Valentine

et al. (2018), describing the different pathways with respect to how drought stress inhibits BNF, with

an important aspect being the change in nodule water potential that indicates a strong connection to

soil water content. While flooding of soils can also inhibit BNF through O2 limitation, nitrogenase was

shown to be more active in waterlogged environments (Jiang et al., 2021). Therefore, we are confident

that our linear function for fW(SWC), assuming that only soil moisture levels that are too low limit

BNF (Wu and McGechan, 1999), reflects empirical observations well. As BNF is associated with a

respiratory loss of C, the net amount of C assimilated via photosynthesis (NPP) available for BNF,

as well as the fixation efficiency (respiratory loss of C per gained N), forms an additional important

controlling factor. A recent meta-analysis by Yao et al. (2024) highlights the importance of plant taxa

for BNF in addition to abiotic factors. This is in line with early experimental work that quantified the

respiratory loss of C per N fixed (Patterson and Larue, 1983; Reed et al., 2011; Voisin et al., 2003) and

the total amount of NPP spent on fixation (Kaschuk et al., 2009) for different N-fixing plants and already

showed that functional traits have to be considered when assessing BNF. Therefore, including NPP and

a cost of fixation, as we did with the C-costly approach, is an important conceptual improvement.

The C-costly approach is not only conceptually superior to the simplistic Original approach in LPJmL,

it also performs better in comparison to external data. Still, some mismatches with reference data re-

main, such as an overestimation of BNF in the tropics (Fig. 4.3c). However, the ensemble mean of a

recent study evaluating the N cycle of 11 DGVMs shows a similar overestimation in the tropics and a

large bias, indicating little agreement between models (Kou-Giesbrecht et al., 2023). They attributed this

to the fact that BNF is typically modelled as a function of vegetation activity expressed either through

NPP or evapotranspiration. Our results show that the overestimation of tropical BNF is reduced if tem-

perature and water availability are considered separate limitations, which supports their interpretation.

Furthermore, the NPP that can be used for BNF depends on the overall productivity, which certainly
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is higher in the tropics. It is likely that additional variables not considered in our approach constrain

BNF there, such as phosphorus limitation (Lee et al., 2019; Vitousek, 1984). However, it has also been

suggested that as a result of higher N losses, tropical BNF should be higher than observations imply

(Hedin et al., 2009). This could be a result of uncertainties inherent to BNF measurements (Soper et al.,

2021) or the limited amount of data available from tropical ecosystems.

Furthermore, simulated BNF was at the higher end of the range reported by Davies-Barnard and

Friedlingstein (2020b) for the C-costly approach. One explanation is that Davies-Barnard and Friedling-

stein (2020b) aggregate cropland and grassland areas, assuming that their BNF rates are identical. How-

ever, a recent study provides evidence that the BNF of crop legumes might actually be substantially

higher than that of forage legumes (Herridge et al., 2022; Peoples et al., 2021), and therefore, the BNF

of croplands and grassland cannot be assumed to be similar. Consistent with this, we also had to se-

lect much higher potential N fixation rates for the crop PFTs compared to the other PFTs to achieve

sufficient cropland BNF (Table 4.1).

We expected that limiting BNF of legume crops would result in stronger N stress and reduced yields.

However, yields for the legume crops were similar between the two approaches. One explanation is the

direct link that the maintenance respiration of a plant organ has to its N content. Reducing the N that is

taken up via BNF results in a lower organ N content and maintenance respiration and thus similar NPP.

Indeed, C : N ratios are higher for the C-costly approach compared to the Original approach, indicating

a lower plant N content (Fig. C.3).

The average %Ndfa of legume crops was between approximately 30 % and 100 % for the C-costly

approach and 100 % for the Original approach. Comparing the distribution (Fig. C.8d) to %Ndfa obser-

vations shows that the values of the C-costly approach are possible but at the upper end of observations,

while those of the Original approach are not supported by observations. For soybean, experimental val-

ues range from 0 % to 98 %, with an average of 52 % (Salvagiotti et al., 2008). Herridge et al. (2008)

report average values between 40 % and 75 % on average and up to 97 % for experiments but only 36 %

and 68 % for farmers’ fields, depending on the cultivated legume crop. %Ndfa is strongly related to soil

mineral N content and thus fertilisation levels. The high %Ndfa may be an indication that either fertiliser

levels or active and passive N uptake and retranslocation of N at leaf senescence are underestimated by

LPJmL, and respective processes should be re-evaluated. We found a higher %Ndfa for both the natu-

ral vegetation and the cropland in warm and dry areas (Fig. C.9) where mineralisation of organic N is

limited (Dessureault-Rompré et al., 2010).

We expected that the differences in the BNF between the two approaches would be reflected by

differences in the C stocks and fluxes due to the close link of the C and N cycles in LPJmL. Both the

C inflow into terrestrial C stocks from NPP and outflows from harvest, heterotrophic respiration and

fire were lower in the C-costly approach, leading to a similar net C balance for the two approaches
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(Figs. C.10 and C.15). Accounting for the cost of BNF in the form of respiratory losses of NPP leads

to lower NPP, which limited biomass accumulation and in turn harvest, as well as biomass available for

burning and heterotrophic respiration via reduced litter accumulation. Because of the close link of the

C and N cycles, the net N balance is also similar for the two approaches. The lower BNF in the C-costly

approach results in lower N outfluxes, i.e. leaching, emissions and harvests. The Original approach

added mineral N to the soils of the natural vegetation and managed grassland even if the vegetation was

not N limited. Legume crops that received all the N that they demanded, as in the Original approach,

returned high N content residues to the soil, increasing N inputs and mineral N stocks. As a result,

the mineral N content of soils was higher in the Original approach, explaining the differences in yields

and leaching. Similarly, soil mineral N content influences N emissions except fire emissions, which are

controlled by the N content of the burned vegetation and litter. Since this also decreased, fire emissions

were lower with the C-costly approach. In contrast to the lower BNF, which is in line with observations,

N losses from leaching and emissions (from volatilisation, denitrification, nitrification, fire and land-use

change) are underestimated by LPJmL simulations compared to observational data (see Table 4.2) in

both approaches. The overestimation of emissions from volatilisation of soil NH4
+ is strongly reduced

with the C-costly approach because the soil NH4
+ pool is lower in the C-costly approach compared to

the Original approach, where BNF is directly added to the soil NH4
+ (see Sect. 4.2.2). While N2O

emissions compare well to literature estimates, N2 emissions are more strongly underestimated with

the C-costly approach. Similar to the soil NH4
+ pool, the soil NO3

− is reduced because less NH4
+

is available for nitrification, resulting in reduced N2 emissions. Overall, the reduction shifts emissions

from an over- to an underestimation of the literature values. While one source of differences is the

missing representation of NOx emissions in LPJmL, this is not sufficient to fully explain the difference.

However, the models of the TRENDY-N ensemble also underestimated N losses from emissions of NH3,

N2O, NOx, and N2, as well as leaching (Kou-Giesbrecht et al., 2023), suggesting that processes within

DGVMs and scenario assumptions need to be revised. For LPJmL, we identified several potential

causes. First, the manure input accounts only for manure applied to cropland, and the total amount

is in line with other sources reporting cropland manure (Zhang et al., 2021), but does not account

for manure added to grasslands other than the internal recycling by grazing animals (Heinke et al.,

2023). Second, N losses and emissions strongly vary between different agricultural production systems

whose representation would require not only the implementation of more detailed management options

but also data sets on the spatial patterns of the application of different management specifics of these

systems. Third, we conducted our simulations assuming cover cropping outside the growing season on

all croplands, which overestimates the extent of cover cropping and reduces N losses. However, data on

cover cropping systems are not available (e.g. Porwollik et al., 2022).

While the C-costly approach improved simulation results for BNF, as well as other components of the
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N balance, and model results are in line with other DGVMs that represent the N cycle, we see potential

for further improvement. The C-costly approach depends on multiple parameters, some of which are

not well constrained. Values for the potential N fixation rate vary between species and across sites (Ma

et al., 2022), and selecting one value to be representative of one PFT or even all PFTs of an entire

climate zone is a strong simplification. Furthermore, experiments have shown a large variation in the

respiratory cost of BNF (Patterson and Larue, 1983; Reed et al., 2011; Voisin et al., 2003), as well as

the amount of NPP that different plant species invest (Kaschuk et al., 2009), which is not well reflected

by the current parameterisation.

In addition, we assume a constant fraction of N fixers present in a community. However, the number of

N fixers changes over time, dependent on N stress (Herben et al., 2017; Taylor et al., 2019). N fixation,

the share of fixers and/or nodule abundance is low in undisturbed N-rich environments, and nodules

need to be produced to increase N fixation if N availability decreases (Crews, 1999; Fisher et al., 2010).

Similarly, N fixation does not cease instantaneously when N becomes more abundant but is only reduced

after the share of fixers and/or nodule abundance has decreased (Herben et al., 2017; Thornley et al.,

1995). In contrast, fixers are always present in LPJmL and can instantly fix N if necessary. Therefore,

LPJmL likely simulates an adaptation response that is too quick for the changing N availability and

overestimates the short-term capability of the community to buffer changes in N availability.

While our approach simulates the total amount of BNF well, it does not distinguish the symbiotic

from free-living or heterotrophic N fixation. However, these are two different sources of N, and their

share of total BNF shows large spatial heterogeneity (Davies-Barnard and Friedlingstein, 2020b). In

contrast to symbiotic BNF, free-living BNF does not require NPP expenditures, and separating the two

may further improve simulation results for NPP and its dependent variables.

In the following, we qualitatively compare our approach to common approaches used in crop models

and DGVMs. A synthesis of nine crop models by Liu et al. (2011) showed that soil water status and N

supply were the most widely considered control variables. Soil temperature was only considered by four

models and plant C supply only by two models, despite their importance for limiting BNF. The C-costly

approach also uses empirical factors to account for soil temperature and soil water status, whereas the

role of N supply, plant C supply and plant growth stage are simulated mechanistically in LPJmL, which

is a clear distinction from the models assessed by Liu et al. (2011).

Our approach is at the higher end of the complexity when compared to 11 TRENDY-N DGVMs

that include the N cycle. As shown in Kou-Giesbrecht et al. (2023), five DGVMs follow an approach

similar to the Original approach, calculating BNF based on evapotranspiration or NPP; three models

calculate BNF as a function of N limitation; two models assume a constant BNF; and in one model

BNF is derived in post-processing to close the N cycle. The remaining three models use more complex

approaches which can be compared to the C-costly approach. The Community Land Model (CLM)
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version 5.0 (Lawrence et al., 2019) uses an approach based on Fisher et al. (2010), explicitly minimising

the cost of active N uptake, retranslocation and BNF and distinguishes asymbiotic from symbiotic N

fixation. In the Canadian Terrestrial Ecosystem Model (CTEM), BNF is a function of temperature,

vegetation cover, soil nitrate and plant structural C pools (Arain et al., 2006; Dickinson et al., 2002).

The Dynamic Land Ecosystem Model (DLEM) considers soil temperature, soil moisture status, soil

C and soil N (Tian et al., 2015). While the approach used in CLM5.0 is more complex compared to

the C-costly approach and addresses some of the conceptual shortcomings of the C-costly approach

discussed earlier, the approach used in CTEM is of similar complexity and simulates values at the

upper end of the recent literature estimates (Kou-Giesbrecht et al., 2023). However, global BNF values

and latitudinal distribution simulated by CLM5.0, as shown by Kou-Giesbrecht et al. (2023) in Figs. 3

and A6, are comparable to those simulated with C-costly approach. To fully assess the advantages of

such a complex approach over the C-costly approach or that of CTEM or DLEM, a comparison of the

spatial patterns or of simulations at higher spatial resolution could be a worthwhile future endeavour.

4.5 Conclusions

Compared to the simplistic Original BNF implementation in LPJmL, the more complex C-costly ap-

proach, as described here, presents a substantial improvement of the representation of BNF in LPJmL.

While the Original approach led to an overestimation of BNF and was insensitive to soil temperature

and soil water conditions, the C-costly approach overcomes these issues and can help to better project

future BNF and its effects on N limitation of the terrestrial biosphere, as well as losses of reactive N

to the environment, including the greenhouse gas nitrous oxide (N2O). Further research is needed, es-

pecially with respect to balancing different in- and outfluxes and internal recycling rates. The current

improvement of BNF simulations with LPJmL and the associated underestimation of loss terms exem-

plifies the scope of this problem. Our study highlights the importance of a detailed implementation of

the processes controlling BNF for N cycling in DGVMs. While the C-costly approach already improved

simulation results, we think that additional benefits would be gained by explicitly separating BNF by

symbiotic and free-living bacteria and from accounting for the costs of other N-uptake sources, except

passive N uptake.

Code availability: The source code of LPJmL in the exact form described here is available at 10.5281/zenodo.14012503
(Wirth et al., 2023) and at https://github.com/PIK-LPJmL/LPJmL (last access: 30 October 2024).

Data availability: The historical climate data from the GSWP3-W5E5 data set are available from 10.48364/ISIMIP.982724
(Lange et al., 2022). The historical data of atmospheric N deposition and atmospheric CO2 concentrations can be obtained
from 10.48364/ISIMIP.600567 (Yang and Tian, 2020) and 10.48364/ISIMIP.664235.2 (Büchner and Reyer, 2022), respec-
tively. All input data, model code, model outputs and scripts that have been used to produce the results presented in this paper
are archived at the Potsdam Institute for Climate Impact Research and are available upon request.
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Abstract: Field experiments have provided extensive evidence that functional diversity plays an important role

for ecosystem services of managed grasslands such as their gross primary productivity (GPP) and soil organic

carbon (SOC) stocks. Despite extensive empirical research, the application of vegetation models has been limited

to assess the role of functional diversity at small spatial scales.

We used the Lund-Potsdam-Jena managed land (LPJmL) competitor stress-tolerant ruderal (CSR) model to

assess the role of functional diversity in managed grassland GPP and SOC under climate change at the global

scale. LPJmL-CSR simulates functional diversity using plant functional types to represent different ecological

strategies based on functional traits connected to CSR strategies. The model was calibrated and evaluated against

historical data on CSR shares of plant communities and GPP. Subsequently, we performed simulation experiments

assuming low and high functional diversity levels and moderate and strong climate change.

Our results show that functional diversity plays an important role for managed grassland GPP and SOC stocks

already under moderate climate change. A strong loss of functional diversity prohibits communities’ adaptation

to climate change, resulting in loss of GPP and SOC. Furthermore, spatial patterns of GPP and SOC stocks show

substantial differences between the low and high functional diversity scenarios and depend on regional conditions.

For GPP, the spatial patterns show a loss of up to 40% in the low functional diversity scenario in large areas but

also an increase of up to 20% in other areas. For example, in North and South Carolina, increasing temperatures

134



Chapter 5

lead to an increasing competitiveness for C4 plants and a change in community composition.

Generally, our results are consistent with empirical findings and support the importance of functional diversity

as an insurance against climate change. To our knowledge, this is the first global-scale assessment, and it shows

once more that preventing the loss of functional diversity is crucial for many livelihoods and underpins the need

for the development and application of management practices that support the functional diversity of managed

grasslands.

5.1 Introduction

Approximately 40% of the terrestrial ice-free Earth surface is covered by grassland ecosystems (White

et al., 2000) which provide important ecosystem services supporting the livelihoods of at least a billion

people (Suttie et al., 2005). However, as a consequence of too intensive use as well as land-use aban-

donment, already today grassland ecosystems are at risk of degradation which will likely increase under

climate change (Prangel et al., 2023; Yan et al., 2023). Additionally, climate change may increase grass-

land ecosystems’ vulnerability to overgrazing and ecosystem services may decline (Lee et al., 2021). To

prevent further grassland degradation, management adaptations need to be developed based on improved

understanding of the processes underpinning ecosystem service provisioning. Climatic conditions, soil

health and management are all important factors for grassland ecosystem services. Temperature, soil

water and nutrient availability directly control the amount of carbon grassland ecosystems can assimi-

late. While management in the form of irrigation or fertilizer application can be used to increase carbon

assimilation by reducing water or nutrient stress, grazing or mowing reduces above-ground biomass

(Bai and Cotrufo, 2022; Conant et al., 2017). However, the effect of grazing or mowing on carbon as-

similation is complex. Although low to intermediate grazing or mowing intensities can have a positive

effect on above-ground biomass, for example through the reduction of inter- and intraspecific competi-

tion for space and light and self-shading, higher intensities lead to a decline of above-ground biomass

and ecosystem carbon assimilation in the long term (e.g., McSherry and Ritchie, 2013; Wang et al.,

2022b) assuming the removed biomass is used as feed for livestock. In addition to climatic, soil and

management conditions, the functional diversity of a grassland ecosystem also contributes to ecosystem

service provision in rainfed and unfertilised grasslands and has been discussed as a means to increase

resilience and/or resistance against climate change impacts (Hoover et al., 2014; Isbell et al., 2015).

The role of functional diversity has been extensively researched at small spatial scales using field

experiments and observations (e.g. Buzhdygan et al., 2020; Pasari et al., 2013; Tilman et al., 2001)

and synthesised in meta-analyses (e.g. Brose and Hillebrand, 2016; Cheng et al., 2024). At the local

to landscape scales the role of functional diversity has also been incorporated into simulation mod-

els. Individual-based models such as GRASSMIND (e.g. Taubert et al., 2012; Taubert et al., 2020),
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IBC-grass (e.g. Reeg et al., 2018; Reeg et al., 2020) or aDGVM2 (e.g. Pfeiffer et al., 2019; Scheiter

et al., 2023) simulate functional diversity via competition between individual plants for which key func-

tional traits are sampled from a distribution. Such models have successfully been applied to simulate

the importance of functional diversity for several ecosystem services under different climatic and man-

agement conditions. While these studies provide important insight and advance research on univer-

sal relationships explaining observed benefits of functional diversity (Crawford et al., 2021), large- or

global-scale studies that quantify the role of functional diversity in global grassland ecosystem services

have not been conducted. For such large-scale analyses, dynamic global vegetation models (DGVMs)

are widely applied. However, functional diversity of managed grasslands is not represented in state-of-

the-art DGVMs despite the extent of grassland areas.

DGVMs are widely applied to study the effect of climate change on vegetation dynamics and the

carbon cycle (e.g. Cramer et al., 2001; Liu et al., 2021). Historically, DGVMs have represented veg-

etation using the concept of plant functional types (PFTs) neglecting functional diversity. While tree

PFTs are at least distinguished via different leaf types and phenology, grasslands are usually simulated

using a single PFT for a specific climate. However, this implies the assumption that only environmental

conditions and management control grassland productivity, neglecting the role of functional diversity.

Recently, the LPJmL model (Lutz et al., 2019; Schaphoff et al., 2018; von Bloh et al., 2018; Wirth

et al., 2024a) has been extended to simulate grassland functional diversity based on CSR theory (Grime,

1974). The CSR theory distinguishes three main ecological strategies. The competitive (C) strategy is

associated with efficient resource use, fast growth and low tolerance towards stress. The stress-tolerant

(S) strategy is associated with investment into more expensive but robust tissue, slow growth and high

stress tolerance. The ruderal (R) strategy is associated with a rapid growth in periods of favourable

conditions between disturbances during which it completes its life cycle. As a consequence, it has a high

disturbance tolerance but no stress tolerance. Intermediate strategies that show characteristics of several

of the main strategies also exist. While the CSR theory by itself is not a representation of functional

diversity, it has been connected to the global spectrum of plant form and function through functional

traits (Pierce et al., 2013). Representing these functional traits as model parameters enables the LPJmL-

CSR model to simulate key trade-offs present in the global spectrum of plant form and function (Dı́az

et al., 2016) reduced to the differences between strategies described by CSR theory. LPJmL-CSR was

extended by a C-, S- and R-PFT to represent the three main strategies of the CSR theory. Intermediate

strategies are not explicitly considered and are only reflected in the resulting mixture of the C-, S- and

R-PFTs. LPJmL-CSR enables climate change impact assessments that explicitly consider grassland

functional diversity to quantify its role for future grassland ecosystem services.

We limit our scope to two highly studied ecosystem services of grasslands, the gross primary produc-

tivity (GPP), which is important for the forage supply of grazing animals, and the soil organic carbon
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(SOC) stock, which contributes to climate change mitigation. Environmental conditions and manage-

ment are the key drivers of both productivity and SOC storage, but functional diversity is crucial as well

(e.g. Cardinale et al., 2012; Tilman et al., 2001). Important factors controlling productivity and SOC

dynamics are radiation, temperature, soil water and nutrient status and the atmospheric CO2 concentra-

tion. All those factors will likely be altered by climate change. For example, a reduction of the ocean

carbon sink as well as an increased risk of wildfires will likely contribute to increasing atmospheric

CO2 concentrations in addition to anthropogenic emissions (Di Virgilio et al., 2019; Le Quéré et al.,

2010). The global average radiative forcing, and in turn, temperature, as well as annual precipitation

over land, are projected to increase (Lee et al., 2021). However, spatial and temporal patterns will also

change and precipitation will likely decrease over large parts of the subtropics while increasing over

higher latitudes (Lee et al., 2021). These changes will also affect competitive and facilitative processes

in managed grassland communities.

In managed grasslands, competition for light is usually reduced via the removal of biomass from

grazing or mowing and light is not strongly limiting productivity. Atmospheric CO2 concentrations are

rising, potentially increasing productivity and SOC stocks (Sillen and Dieleman, 2012). While high

grassland productivity can be achieved at moderate temperatures and sufficient water and nutrient sup-

ply, drought and nutrient stress can severely limit productivity. High productivity leads to high biomass

input into the soil through litter fall which can lead to a high SOC storage. Especially since the formation

of SOC-stabilising mineral surfaces and decomposition rates are also affected by precipitation. How-

ever, this depends on the temperature, since high temperatures lead to increased microbial activity and

therefore decomposition. These mechanisms and their role for grassland productivity and SOC stocks

have already been modelled at large scales (e.g. Chang et al., 2021; Chang et al., 2017). However,

we believe that explicitly including the role of functional diversity in such assessments will improve

projections of managed grassland productivity and SOC stocks under climate change.

Using the LPJmL-CSR model, we conducted the — to our knowledge — first global assessment of the

role of functional diversity in grassland productivity and SOC storage in grasslands. In our assessment,

we compare a world with high and low functional diversity against each other to quantify the role of

functional diversity. We focus our assessment on trends and spatial patterns of productivity and SOC

stocks globally and in exemplary regions that showcase prominent differences to answer the following

research questions:

• To what extent does functional diversity contribute to the world’s grassland productivity and SOC

stocks under climate change?

• How does the presence or absence of functional diversity shape the main spatial patterns and

regional differences of grassland productivity and SOC stocks?
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• How do the model results compare to empirical findings on the role of functional diversity in

different regions of the world?

5.2 Methods

To address our research questions, we used the global vegetation model LPJmL-CSR under different

functional diversity settings. However, LPJmL-CSR has only been applied at the local scale so far

(Wirth et al., 2024b). To enable LPJmL-CSR to run at the global scale, a calibration was necessary.

After calibration to and evaluation against remote sensing data on GPP and C-, S- and R-PFT foliage

projective cover (FPC), we simulated three different functional diversity scenarios using climate projec-

tions from five general circulation models (GCMs) for two forcing scenarios. Scenario names follow

the conventions described in O’Neill et al. (2016) and are a combination of a shared socioeconomic

pathway (SSP) and a radiative forcing. We use the SSP1-2.6 and SSP3-7.0 scenarios.

5.2.1 LPJmL-CSR

A detailed description of LPJmL is provided in previously published work. These include a detailed

description of all model components with emphasis on the carbon cycle (Schaphoff et al., 2018), the de-

scription of the nitrogen cycle implementation (von Bloh et al., 2018; Wirth et al., 2024a), the livestock

module (Heinke et al., 2023) and the representation of CSR strategies in managed grasslands (Wirth

et al., 2024b). Therefore, we only give a brief qualitative overview of the relevant parts here.

LPJmL simulates the terrestrial carbon and nitrogen cycles of natural and managed vegetation. The

daily computation of the gross primary production (GPP) from photosynthesis is at the core of the model.

This computation accounts for the co-limitation of temperature, radiation, water and nutrient availability.

Natural vegetation is represented by eight tree and three grass PFTs. While managed grasslands are

represented using the same three grass PFTs in LPJmL (Schaphoff et al., 2018; von Bloh et al., 2018), in

LPJmL-CSR additional grass PFTs were introduced (Wirth et al., 2024b). For this study, we calibrated

parameters for three tropical, three temperate and three polar grass PFTs. These PFTs are allowed to be

established within predefined bioclimatic limits to ensure that, for example, tropical PFTs do not grow in

polar climates. Due to overlap of the bioclimatic limits, up to six PFTs can be established per grid cell.

Together, the established PFTs form communities that differ in their functional diversity. We use the

presence of different strategies and their community share to infer information on the role of functional

diversity. If only one strategy is present, the functional diversity is low. In contrast, if all strategies

are present, the functional diversity is high. When multiple strategies are present but one is strongly

dominant, functional diversity is less important at that point in time. However, if multiple strategies are

present, community composition may adapt over time, making functional diversity important for the
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long-term performance of the community. In our simulation experiments (see 5.2.4), we aim to quantify

such effects by artificially reducing functional diversity.

In LPJmL and LPJmL-CSR, grass PFTs are represented using leaf and root biomass stocks. The

following daily processes determine the vegetation and soil biomass stocks of managed grasslands: (i)

Carbon assimilation from photosynthesis to obtain GPP, (ii) autotrophic respiration to obtain the net

primary productivity (NPP), (iii) transfer of leaf and root tissue to the litter layer, (iv) allocation of

NPP to leaf and root biomass stocks and potentially (v) livestock grazing or mowing. The amount of

photosynthesis, litter fall and grazing or harvest is determined depending on PFT-specific parameters –

which are inferred from functional traits, environmental conditions and management. A full overview of

PFT-specific parameters is given in the studies listed above. For LPJmL-CSR several parameters (Tab.

5.1) were adjusted during calibration (see 5.2.3).

For this study, we combined the implementation of CSR strategies (Wirth et al., 2024b) with the

livestock module (Heinke et al., 2023) which required the introduction of a factor to account for grazing

avoidance of the different strategies. This factor is used to adjust the carbon intake from each PFT so

that the C-PFT, which follows a grazing tolerance and not an avoidance strategy (Briske, 1986; Stuart-

Hill and Mentis, 1982), is grazed more heavily compared to the S- and R-PFT that follow a grazing

avoidance strategy (Eq. 5.1).

fgrazed,t,PFT =
Cin,t · favoid,PFT · Cleaf,t,PFT∑NPFT
p=1 Cleaf,t,PFTp · favoid,PFTp

(5.1)

fgrazed,t,PFT is the share of total carbon intake of a PFT at time step t, Cin is the total carbon intake,

favoid,PFT is the PFT-specific unitless avoidance factor, Cleaf,PFT is the PFT-specific leaf carbon in

gC m−2 and NPFT is the number of established PFTs. This ensures that the total carbon intake

remains as derived by Eq. 27 from Heinke et al., 2023. However, due to the different carbon-to-nitrogen

ratios of the different PFTs, the total nitrogen intake may differ. As a consequence, the nitrogen allocated

to faeces, carbon and nitrogen allocated to milk and urine and carbon respired are adjusted following

Eqs. 42, 43, 48, 50 and 53 in Heinke et al., 2023.

5.2.2 Calibration and evaluation data

We calibrated the model using global data on grassland GPP and community share of C-, S- and R-PFTs,

which had to be processed (Fig. 5.1).

5.2.2.1 GPP

We used a publicly available global remote sensing product for GPP (Zhang et al., 2017). This product

contains total monthly GPP data (GPPtot) from 2000 to 2016 for 0.05◦ × 0.05◦ grid cells. To ob-
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Figure 5.1: Overview of processing steps to prepare the calibration data and selection of grid cell subset
for calibration. All data have a global coverage and a 0.05◦ by 0.05◦ resolution. Coloured
boxes highlight preprocessing input (blue), temporal data of intermediate steps (white) and
output data (red). Arrows show the information flow from input to output data and numbers
reference specific steps described in 5.2.2 and 5.2.3

.
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tain grassland GPP (GPPherb) we had to account for tree cover and scaled the resulting values to the

grassland fraction for each grid cell (Eq. 5.2 and Fig. 5.1 1).

GPPherb = GPPtot · stree/fgrassland (5.2)

stree is a tree cover multiplier (Eq. 5.3), calculated from annual MODIS MCD12C1 tree cover data

from 2001 to 2016 at a spatial resolution of 0.05◦ by 0.05◦ (Friedl and Sulla-Menashe, Damien, 2015)

following the approach of (Piipponen et al., 2022).

stree = exp(−4.45521 · ftree) (5.3)

Eq. (5.3) is an empirical relationship between tree cover (ftree) and the total productivity of this tree

cover and needs to be used to account for the different productivity levels of woody and herbaceous

vegetation. fgrassland is the fraction of the area not covered by trees from the same product and is used

to scale herbaceous GPP to the entire grid cell to make it compatible with LPJmL (Fig. 5.1 2). We

used the annual data to scale each monthly GPP value. Because data for 2000 were not available within

MODIS MCD12C1, we assumed the tree cover of 2001 for 2000.

Afterwards, we aggregated GPPherb to 0.5◦ by 0.5◦ because this is the resolution at which LPJmL-

CSR was run. We weighted each 0.5◦ by 0.5◦ grid cell using its area fraction of the 0.5◦ by 0.5◦ grid

cell (Eq. 5.4).

GPPherb,0.5,i =

100∑
j=1

wj ·GPPherb,j (5.4)

with wj = Aj/Ai. Fig. D.1 show the time series average GPPherb and the 5th to 95th percentile range.

5.2.2.2 Community share of the C-, S- and R-PFTs

To obtain the community share for C-, S- and R-PFTs, we combined global trait maps of SLA, leaf mass

per area (LMA) and leaf dry matter content (LDMC) at a spatial resolution of 0.5◦ by 0.5◦ obtained

from (Wolf et al., 2022) with the StrateFy approach (Pierce et al., 2017, Fig. 5.1 3). The StrateFy

approach is described in detail in Pierce et al. (2017) and can be used to calculate the C, S and R

shares of a species or community from SLA, LMA and LDMC data. Pierce et al. (2017) developed

the StrateFy approach using TRY data (Kattge et al., 2020) which also provided the basis for the trait

estimation of the algorithm used by Wolf et al., 2022. Global trait maps are obtained by combining

citizen science data from iNaturalist provided by the Global Biodiversity Information Facility (GBIF)

database (iNaturalist, 2024), with trait data from TRY using a convolutional neural network approach

(Schiller et al., 2021; Wolf et al., 2022). The convolutional neural networks are trained to recognize
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plant traits from morphological features present in photographic images of plants and the approach is

described in detail in Schiller et al. (2021). Fig. D.2 shows the C, S and R share for each grid cell

obtained using the median, average, 5th or 95th percentile trait estimates. We assumed the median

estimates to represent the share of the C, S and R strategy. In LPJmL-CSR the community share is

represented using the foliage projective cover (FPC).

5.2.3 Model calibration and evaluation

We calibrated LPJmL-CSR against the GPP and the community share of the C-, S- and R-PFT (5.2.2).

For both variables we calculate a cost described in the following using simulation results from 2000 to

2016, matching the time period of the GPP data. Because the community share of the C-, S- and R-PFT

data are only available for one year, we use the average from 2000 to 2016.

We calibrated LPJmL-CSR using a genetic optimization (GENOUD, Mebane Jr. and Sekhon, 2011)

algorithm which is the basis for a model-data integration (MDI) approach for LPJmL implemented in

the LPJmLMDI R package (Forkel et al., 2014). The approach is described in more detail in Forkel

et al. (2014) and Forkel et al. (2019). LPJmLMDI calculates a cost based on the Kling-Gupta efficiency

(KGE, Gupta and Kling, 2011) for each calibration variable d to evaluate the model fit compared to

observations.

Cost =

√√√√ N∑
d=1

(
(
sd
od

− 1)2 + (
σs,d
σo,d

− 1)2 + (r(sd, od)− 1)2
)

(5.5)

s and o are the spatial (grid cells) and temporal (years) mean values of the simulations s and the ob-

servations o, respectively, and represent the bias component in the KGE computation. The variance

component is represented by σ, which is the variance, and the correlation component is represented by

r, which is the Pearson correlation coefficient (both over space and time) (Forkel et al., 2014). Each

of the components was weighted by the uncertainty of the observations to account for spatio-temporal

uncertainty in the cost function. The algorithm is initialised by sampling a preset number (generation) of

individual parameters sets (individuals) from a multivariate normal distribution reflecting the parameter

space. After each individual parameter set has been evaluated, a new generation is initialised consid-

ering the divergence between simulation and observations of the previous generations. For details of

how GENOUD derives the parameter sets for generations following the initial generation we refer to

Sekhon and Jr, 1998. For each climate zone (tropical, temperate, polar), we sampled 64 grid cells from

the joined distribution of grassland GPP and CSR strategy (Fig. 5.1 4 to 7). First, we grouped the com-

munity shares of the C-, S- and R-PFTs into 19 strategies (C, C/CR, C/CS, CR, C/CSR, CS, CR/CSR,

CS/CSR, R/CR, CSR, S/CS, R/CSR, S/CSR, R, SR/CSR, S, R/SR, S/SR and SR), which are based on

the thresholds for C, S, and R shares defined by Pierce et al. (2017, Fig. 5.1 4). Second, we assign each
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GPP value the respective CSR strategy derived in Fig. 5.1 4 (Fig. 5.1 5). Third, we divide the GPP

data into five equidistant intervals based on the level of productivity (very low, low, medium, high, very

high) for each of the three climate zones (tropical, temperate and polar) (Fig.5.1 6). Finally, we sample

64 grid cells from each climate zone (Fig. 5.1 7). While we subset the data to only contain grid cells

where the data on historical grassland fractions by Ostberg et al. (2023) contain managed grassland for

the evaluation and our scenario analysis, for calibration, we sample from all grid cells. This results in a

broader distribution of GPP and community shares of the C-, S- and R-PFTs for the sampled grid cells

and maximises domain to which the calibration results are applicable. We included 16 PFT-specific

parameters that relate to the difference between CSR strategies to calibrate three PFTs per climate zone

(Tab. 5.1). The calibration of each climate zone comprised approximately 15 generations consisting of

up to 2000 individuals each.

A subset of the data of the remaining grid cells that were not used for the calibration was used for

the evaluation. This subset contains only grid cells in which the data on historical grassland fractions

by Ostberg et al. (2023) contain managed grassland in at least one of the years used for calibration

(2000-2016). In total, community-share data for 28,767 grid cells and GPP data for 37,742 grid cells

for 204 time steps (17 years times 12 months) were used for the evaluation. For the evaluation, we used

the differences between simulated and observed GPP and FPC. For GPP, we evaluate the model against

the monthly data and annual sums but do not aggregate the data further. Similar to the calculation of the

cost function, we average the community share of the C-, S- and R-PFT simulation results from 2000 to

2016 and compare these against the observations.

5.2.4 Modelling protocol

For the calibration and evaluation simulations we used the climate data from the GSWP3-W5E5 dataset

(Cucchi et al., 2020; Kim, 2017; Lange et al., 2022), historical atmospheric NO−
3 and NH+

4 deposi-

tion (Yang and Tian, 2020), historical atmospheric CO2 concentrations (Büchner and Reyer, 2022) and

grazing management data (Heinke, 2025).

We used the optimised parameters to simulate three different functional diversity scenarios using

climate data from five general circulation models (GFDL-ESM4 Dunne et al. 2020, IPSL-CM6A-LR

Boucher et al. 2020, MPI-ESM1-2-HR Gutjahr et al. 2019, MRI-ESM2-0 Yukimoto et al. 2019 and

UKESM1-0-LL Meinshausen et al. 2017) and two representative forcing scenarios provided by the

inter-sectoral impact model intercomparison project (ISIMIP, Lange et al., 2022). The climate data

have a daily temporal resolution and spatial resolution of 0.5◦ by 0.5◦ and include average, minimum

and maximum temperature, precipitation, downward short wave radiation, long wave net radiation and

wind speed. Data on CO2 concentration as well as deposition of NO−
3 and NH+

4 were also available
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from ISIMIP but not per GCM. All ISIMIP datasets distinguish a historical period from 1850 to 2014

and a future period from 2015 to 2100, for which simulated data were bias-corrected to observational

data products. Additionally, we used data on historical grassland fractions (Ostberg et al., 2023) and

grazing management data (Heinke, 2025). Grassland fractions were only available until 2017 and we

assumed the fractions to be constant for the future periods using the values for 2014 i.e., the last year

of the historical period. Grazing management was kept constant for the entire simulation period. These

assumptions allow us to isolate the effect of climate change and eliminate other factors that influence

global output variables such as grassland expansion or reduction as well as the impacts of management

change.

For all scenarios, we conducted two spin-up simulations of 3500 years with natural vegetation only

and a subsequent spinup of 420 years, gradually introducing historical land use patterns (Ostberg et al.,

2023). During the spin-up, climatic forcing was a random permutation of the climate data from 1901

to 1930. The first spin-up simulation ensures that the C and N balances are in an equilibrium before

the beginning of anthropogenic land-use change. The second spin-up simulation captures the effects of

historical land-use change on the C and N cycle. Following the two spin-up simulations, the model is

run from 1850 until 2100 using the transient input data.

For the historical period, we allow all PFTs to be established so that the community composition can

evolve dependent upon environmental conditions and management. For the future period, we simulate

the following three scenarios:

• FD-: where we remove all non-dominant PFTs in each grid cell at the end of the historical period

and prohibit the establishment of new PFTs.

• FD+: where we maintain the PFTs established (non-zero FPC) at the end of the historical period

but also allow establishment of new PFTs.

5.3 Results

5.3.1 Evaluation of model performance

We evaluate model performance before (prior) and after calibration (best) against observations to show

whether the calibration was successful.

Comparing the observations of GPP and FPC for all grid cells not used in the calibration to simula-

tions using the default (prior) and the optimised (best) parameter values showed minor changes for GPP

but a substantial reduction of the difference to observations for FPC of C- ,S- and R-PFTs. For GPP

the median difference between observation and simulation was 0.16 kgC m−2 yr−1 for the prior and

0.18 kgC m−2 yr−1 for the best parameter set. Median values, the 25th and 75th percentiles, and the
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Figure 5.2: Boxplots (a,c), density plot (b) and latitudinal averages (d) of the difference between simu-
lated and observed annual (a) and monthly (b) GPP between 2000 and 2016 and annual FPC
(c,d) data for the parameter set before (prior, blue) and after (best, red) the calibration. For
the latitude plot, lines show the differences to the 2000 to 2016 average of simulation results
and shaded areas show the 5th to 95th percentiles.
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interquartile range were similar between the prior and the best (Fig. 5.2 a). However, the best parameter

set strongly overestimated annual GPP in more cases than the prior parameter set as indicated by the

outlier values above the upper interquartile boundary. Monthly GPP was up to 0.4 kgC m−2 yr−1 lower

or higher than observations (Fig. 5.2 b) for both the prior and best parameter sets. Similar to the annual

GPP, overestimations of the monthly GPP are more common using the best parameter set. However,

the difference is small for a majority of data points as shown by the density plot in Fig. 5.2 b. The

main increase in GPP between the prior and the best parameter set occurs in the tropics (Fig. D.3). For

example, in the Congo basin, monthly GPP is up to 0.3 kgC m−2 yr−1 higher using the best parameters

(see Fig. D.3 a and c). However, here observations generally show a quite low grassland GPP poten-

tially underestimating productivity. While we believe that representation of GPP observations can be

improved, we are confident that the results using the best parameter set are sufficient to investigate the

role of functional diversity in grassland ecosystem services.

FPC of the C-, S- and R-PFTs differed strongly between the prior and best parameter sets. Overall,

the median difference to the observations was lower for the best parameter set. It was -0.33, -0.31, and

0.63 m2 m−2 for the prior and 0.18, 0.01 and -0.23 m2 m−2 for the best parameter set for the C-, S- and

R-PFTs respectively (Fig. 5.2 c). Qualitatively, the FPC of the C-PFTs remains higher than the observa-

tions, while that of the R-PFTs is lower. The S-PFTs’ FPC matches the observations best. However, for

all three PFT types the difference to observations shows a wide range. Comparison by latitude showed

that the FPC of the R-PFTs was strongly overestimated at the expense of the C- and S-PFTs using the

prior parameter set (Fig. 5.2 d). In contrast, using the best parameter set, the FPC of the C-PFTs is

overestimated at the expense of the other PFTs. In the high latitudes of the southern hemisphere overes-

timations were the largest and at the expense of both the S- and R-PFTs. At lower latitudes the FPC of

the S-PFTs matches observations well while that of the C-PFTs is overestimated at the expense of the

R-PFT. In the high latitudes of the northern hemisphere, differences are smaller and the FPCs mainly

agree well with observations. The latitudes between 60 and 66◦N are an exception are. Here the share

of managed grasslands is negligible except on Iceland which shows a strong overestimation of the FPC

of C-PFTs (Fig. D.4 j).

Using the prior parameter set, the R-PFT was dominant across different climate zones except in

India. The best parameter set results in regionally different FPC distributions (Fig. D.4). Using the

best parameter set, the FPC of C-PFTs is close to 1 in Europe, south-eastern USA, Uruguay, southern

Brazil, east Argentina as well as parts of South Africa, Australia and the Himalayas. These areas also

correspond to the areas where LPJmL-CSR overestimates the observations for the FPC of the C-PFTs the

most. Towards the tropics as well as the higher latitudes of the northern hemisphere, the share of C-PFTs

decreases. Here, both the R- and S-PFTs have a substantial share of FPC with values up to approximately

0.25 and 0.5 respectively. However, the observations for the R-PFTs are still underestimated, while those
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of the S-PFTs are overestimated. In the subtropics and tropics, the R-PFTs are barely present and the S-

PFTs have an FPC of up to approximately 0.75 resulting in an overestimation of S- but also the C-PFTs

and an underestimation of the R-PFTs.

5.3.2 Global productivity and SOC stocks under climate change

For the historical period, LPJmL-CSR simulates an increase of grassland GPP from approximately 8

PgC yr−1 in 1901 to approximately 17.5 PgC yr−1 in the 1990s (Fig. 5.3 a). This increase is pre-

dominantly caused by increasing grassland areas from approximately 16 Mkm2 in 1901 to 33 Mkm2 in

2001, other drivers are increasing atmospheric CO2 concentration and N inputs from deposition.

Total global GPP and dry matter intake were substantially higher in the FD+ compared to FD- for

both RCP 2.6 and 7.0 (Fig. 5.3 a and c). Historical GPP values peak around 17.5 PgC yr−1 around

2000 and increased to approximately 20 PgC yr−1 in 2100 for RCP 2.6 and 25 PgC yr−1 for RCP

7.0 for the FD+ scenario (Fig. 5.3 a). Independent of the functional diversity scenario, LPJmL-CSR

simulated a stronger GPP increase under RCP 7.0 compared to RCP 2.6, which is related to limitations

of LPJmL in simulating drought effects (see 5.4.1). While this calls for additional analysis and future

model development, we here focus on the differences between the scenario with functional diversity

(FD+) and without functional diversity (FD-).

For FD-, GPP was substantially lower compared to FD+, which reproduces the well-established link

between functional diversity and productivity. GPP reductions are reflected in lower dry matter intake

and a decline in SOC (Fig. 5.3 c and d). PFT-specific GPP shows that the lower overall GPP in the FD-

scenarios resulted from a stronger GPP decrease of the S- and R-PFT that outweighed the GPP increase

of the C-PFT (Fig. 5.3 b). Essentially, the S- and R-PFTs were more often subordinate or marginal and

therefore removed in the FD- scenario. However, while this made additional resources available for the

dominant C-PFT, leading to an increase, this cannot compensate for the losses from removing the S-

and R-PFTs.

We only show and describe the results for RCP 2.6 from here on but provide a figure for RCP 7.0 in

the SI. We believe this is reasonable because the spatial patterns are similar (compare Fig. 5.4 and Fig.

D.5), and results mainly differ only in the extent of the increases in GPP, SOC and other variables over

time as well as the relative difference between FD+ and FD-. (Fig. 5.3 and Fig. D.5 and D.6). All maps

only show data for MRI-ESM2-0 because the spatial pattern of an average or the median across GCMs

is not meaningful. Generally, spatial patterns did not differ strongly between GCMs (data not shown)

and showing only one GCM is representative.
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Figure 5.3: Time series of global total GPP (a), PFT-specific GPP (b), dry matter intake (c) and SOC
stocks (d) from 1901 until 2100. Panels a,c and d show historical data (purple, dashed) and
projections for RCP 2.6 (yellow) and 7.0 (lightblue) for the FD+ (solid) and FD- (dotted)
scenarios. Grassland areas are shown in panel a (dot-dashed). For the PFT-specific GPP,
different scenarios (FD- and FD+) and SSPs (2.6 and 7.0) are shown in separate panels and
colors distinguish the C- (darkblue), S- (red) and R-PFT (darkgreen). Lines show the median
and shaded areas the 5th to 95th percentile across five GCMs.
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Figure 5.4: Global distribution of gross primary production (GPP) and soil organic carbon (SOC) depen-
dent on functional diversity. Left panels show the average GPP for the scenarios (a) FD+, (b)
FD- and (c) their difference, i.e. the net effect of a higher functional diversity. Right panels
(b,d,f) show the respective results for SOC. All distributions show the 2091 to 2100 average
of the respective output variable simulated using climate data from the MRI-ESM2-0.
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Figure 5.5: Global distribution of PFT-specific gross primary production (GPP) and foliage projective
cover (FPC) dependent on functional diversity. All panels show the relative change between
FD+ and FD- i.e. the net effect of a higher functional diversity. From left to right, panels
show the distribution for the C- (a,d,g), S- (b,e,h) and R-PFTs (c,f,i). The first (a,b,c) and
third (g,h,i) rows show the distribution using all PFTs present in FD+. The second row (d,e,f)
shows the distribution using only the dominant PFT in FD+. Similar values (difference of 0)
are shown in green, while white areas in d-f are grid cells in which the respective PFT is not
dominant and no value is available. All distribution show the 2091 to 2100 average of the
respective output variable simulated using climate data from the MRI-ESM2-0.

5.3.3 Spatial patterns of productivity and SOC stocks at the end of the century

Spatial patterns of GPP are similar between FD+ and FD- with the highest GPP in the inner tropics and

the lowest GPP in semi-arid, arid and polar regions (Fig. 5.4 a and c). The strongest GPP reduction

occurred around the equator, Paraguay and India where GPP is up to 50% lower for the FD- scenario

(Fig. 5.4 e). GPP increased up to 20% in the African countries north and south of the equator and in

Spain.

SOC patterns are also similar between FD+ and FD- with the highest values in polar regions where

decay rates are low and lower values in drier and/or warmer climates (Fig. 5.4 b and d). Following

the reduction of GPP, the highest SOC differences between FD+ and FD- were simulated around the

equator, in Paraguay and in India (Fig. 5.4). Similarly, SOC slightly increased in areas where GPP

increased.

Comparing the GPP of FD+ and FD- for the C-, S- and R-PFTs shows contrasting patterns for the C-

and S-PFTs. In large areas, different PFTs are dominant at the end of the century compared to the end

of the historical time period across all climates (Fig. D.7). For the C-PFTs, LPJmL-CSR simulated up
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to approximately 2 kgC m−2 yr−1 higher GPP in parts of the tropics, subtropics, the south-east USA,

Portugal, Spain, France and north-west Germany and up to approximately 2.5 kgC m−2 yr−1 lower

GPP in lower latitudes for FD- compared to FD+ (Fig. 5.5 a). At the level of C-, S- and R-PFTs, the

losses are likely caused by the removal of the respective PFT and do not have a high informational

value. However, increases do not reflect the addition of a PFT but an increase in the productivity of the

dominant PFT. In the tropics and subtropics, the C-PFT is dominant but the S- and/or R-PFT also make

up a substantial share of the community (Fig. D.8 and D.9 a-c). Removing the subordinate PFTs frees

up resources, which can be utilised by the dominant C-PFTs. This is not the case in areas where the

C-PFTs were strongly dominant anyway such as the south-east of the USA, Uruguay, southern Brazil

and east China (Fig. 5.5 g).

For the S-PFTs, GPP values are up to approximately 3.5 kgC m−2 yr−1 lower in the tropics and

subtropics and up to 2.5 kgC m−2 yr−1 higher in higher latitudes (Fig. 5.5 b). The losses are mainly

a reflection of areas where the C-PFT was dominant but the S-PFT also made up a substantial share

of the community resulting in a large loss of GPP when the S-PFTs were removed (Fig. 5.5 h). As

a consequence of the removal, the C-PFT can utilize additional resources and increase its GPP if the

subordinate S-PFT is removed. However, as described above and shown in Fig. 5.4, the total GPP is

lower in a majority of the subtropics and tropics in FD-.

For the R-PFTs, the differences are generally smaller and limited to latitudes above 40◦N and west

China (Fig. 5.5 c). However, the R-PFT is subordinate to the C- or S-PFT in the majority of grid cells

(Fig. 5.5 i) resulting in a GPP loss of up to approximately 0.5 kgC m−2 yr−1. In the few grid cells

in which the R-PFT is dominant, the GPP increases by up to approximately 1 kgC m−2 yr−1 in FD-

compared to FD+.

To assess if GPP losses could also be caused by a loss in productivity of the dominant PFT in FD-

compared to FD+ and not only by the removal of subordinate and marginal PFTs, we additionally

compared the GPP of the PFT of FD+ that was selected to simulate FD- (Fig. 5.5 d-f). For all strategies,

the GPP of the PFT chosen for FD- was higher in FD- than in FD+ across large areas, meaning that

this PFT was less productive in the high functional diversity scenario (FD+) than in the low functional

diversity scenario (FD-). For the C-PFTs, GPP is up to approximately 0.2 kgC m−2 yr−1 lower in FD+

except in large areas of the high latitudes of the northern hemisphere, where it is up to approximately

0.1 kgC m−2 yr−1 higher. For the S- and R-PFTs, GPP is lower by up to approximately 0.25 (S-

PFTs) and 0.7 (R-PFTs) kgC m−2 yr−1 in FD+. While it can also be higher for the S-PFTs (up to 0.1

kgC m−2 yr−1), for the R-PFTs, we did not find a substantial increase (values < 0.1 kgC m−2 yr−1).

The described patterns can emerge for two reasons. First, the PFT remains dominant, but its resource

access is limited by competitors in FD+. Second, considering that the dominant PFT changes over time

in many areas, the PFT no longer has a competitive advantage any more and loses its dominance in FD+
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Figure 5.6: Locations of the three example regions Uganda and South Sudan (blue), Germany (yellow)
and North and South Carolina (red).

until the end of the century (see also Fig. D.7). Still, because of the shifts in community composition

until the end of the century, the disadvantage of this PFT in the community (FD+) is compensated by

other PFTs.

5.3.4 Representative example regions

To highlight specific spatial features and prominent differences between scenarios, we present relative

changes for GPP and SOC and the change in number of PFTs for three exemplary regions (Fig. 5.6):

Uganda and South Sudan (Africa), Germany (Europe) and North and South Carolina (United States of

America, North America). The lower GPP in FD- is related to a loss of subordinate PFTs that cannot

be compensated in Uganda and South Sudan (5.3.4.1), to a loss in productivity of the dominant PFT in

Germany (5.3.4.2) and to an increase in productivity in FD+ from the establishment of additional PFTs

in North and South Carolina (5.3.4.3).

5.3.4.1 Uganda and South Sudan, Africa

Across the entire region, only the tropical PFTs were established and the number of PFTs is reduced

by two in FD- compared to FD+ where three PFTs were present (Fig. 5.7 c). However, this does not

translate into a homogeneous reduction of GPP and SOC (Fig. 5.7 a,b). Generally, GPP is higher in

Uganda than in South Sudan (Fig. D.10). This pattern is reflected by the relative changes in GPP from

FD+ to FD-. In Uganda and the northern and eastern South Sudan, GPP is up to 50% higher in FD+

compared to FD- while it is up to 10% lower in the south-western part of South Sudan (Fig. 5.7 a).

SOC storage shows a similar pattern but values are only up to 30% higher and less than 10% lower in

FD+ (Fig. 5.7 b). This pattern results from the different plant community compositions. In Uganda, the

FPC of the subordinate C-PFT is still substantial and its removal cannot be compensated by increased

productivity of the dominant S-PFT. The pattern in South Sudan can be explained by the differently

strong dominance of the C-PFT (Fig. D.11 a and b). The FPC of the C-PFT is higher in the south-west

than in the north-east (Fig. D.11 a). A higher FPC of the C-PFT in FD+ means that its dominance is
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Figure 5.7: Distribution of the relative change between FD+ and FD- for gross primary production (GPP,
a,d,g) and soil organic carbon (SOC, b,e,h) and the absolute change of the number of PFT
present (c,f,i) dependent on functional diversity for the three example regions (Uganda and
South Sudan, Germany and North and South Carolina). From top to bottom, the rows show
the data for Uganda and South Sudan (a,b,c), Germany (d,e,f) and North and South Carolina
(g,h,i). From left to right, columns show the relative change in GPP (a,d,g) and SOC (b,e,h)
and the absolute change in the number of PFTs (c,f,i). All distributions are based on the
2091 to 2100 average of the respective output variable simulated using climate data from the
MRI-ESM2-0.
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stronger. If this was the case, it was able to utilise resources better in FD+ but also in FD- leading to

a higher GPP and SOC in FD- (Fig. 5.7 a and b). Here, the C-PFT benefits from reduced competition

because the subordinate PFTs were removed. In the areas where the C-PFT is less dominant in the

north-east, this advantage from reduced competition is weaker, and having the S-PFT as part of the

community in FD+ is advantageous, resulting in a higher GPP and SOC in FD+.

5.3.4.2 Germany, Europe

In the second example region, Germany, absolute GPP is lower than in Uganda and South Sudan (com-

pare Fig. D.10 a and d and D.12 a and d). However, the relative changes are similar with up to 50%

higher and 10% lower GPP values in FD+ and up to 30% higher and less than 10% lower SOC values

(Fig. 5.7 d and e). The spatial patterns show higher GPP and SOC values in the east and south-east

of Germany and lower values in the remaining areas. The spatial patterns of changes in GPP and SOC

correspond to those of the number of PFTs lost (Fig. 5.7 f). Three PFTs are lost in the areas where

GPP and SOC are higher in FD+ and two PFTs in those in which FD+ values are lower. The strong loss

of productivity in FD- in the south-east is caused by a complete loss of productivity of the historically

dominant PFT (GPP of zero in south-east Germany in FD-, see Fig. D.12 d). This points towards a

different mechanism than in Uganda and South Sudan where the dominant PFT was generally more

productive in FD- but was still less productive compared to the mixture in FD+ in large areas. The com-

munity composition changes and PFTs are lost already in FD+ compared to the historical period, from

which the dominant PFT was determined. (Fig S12 c and f) This is caused by increasing temperatures,

which render the polar PFTs that were present in the past unsuitable in the future. Due to overlapping

bioclimatic limits that control the areas in which PFTs can establish, the polar C-PFT was dominant at

the end of the historical simulation period in the south-east of Germany. However under climate change,

the temperatures in south-east Germany increase and are outside of the bioclimatic limits of the polar

PFTs, resulting in their removal from the community and complete loss of productivity compared to the

historical period (Fig. D.12 and D.14). Generally, we think that the polar PFTs should already not have

been dominant in this region historically which suggests an adaptation of the bioclimatic limits. How-

ever, this nicely shows how climate change may lead to a loss of productivity if unsuitable PFTs cannot

be replaced, leading to breakdown of GPP. In the west and north of Germany, the temperate C-PFT is

dominant (Fig S13) and benefits from the removal of subordinate PFTs, allowing it to compensate for

the loss of subordinate PFTs in FD-.
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5.3.4.3 North and South Carolina, North America

Here, GPP increases from the north-west to the south-east and the values are between those of Uganda

and South Sudan and Germany (compare Fig. D.10 a and d, D.12 a and d and D.15 a and d). Generally,

GPP and SOC are higher or similar in FD+ with highest values of up to almost 20% for GPP and 15%

for SOC in the south-east (Fig. 5.7 g and h). In the northern and north-western parts of the region,

differences between FD+ and FD- are negligible. While the temperate C-PFT was strongly dominant

across North and South Carolina except in the far south during the historical time period, in FD+, the

tropical PFTs established under climate change, which is beneficial for productivity (Fig. D.16 a and d).

In FD-, adaptation to the warmer climate by switching from a temperate C3 to a tropical C4 PFT is not

possible. This is clearly shown by the similarity of the patterns for GPP, SOC and the number of PFTs,

which are reduced by two in the north and north-western part and by 5 in the remaining example region

(Fig. 5.7 i). In contrast to Germany, the higher productivity in FD+ is explained by the establishment

of additional PFTs under climate change instead of a breakdown of the community. Historically, the

temperate C-PFT is dominant in the entire example region and is therefore selected for FD-. Under

climate change, the tropical C-PFT gains an advantage and becomes dominant in FD+ stabilising the

community’s productivity (Fig S16 d). In FD-, the temperate C-PFT benefits from decreased resource

competition (Fig. D.17 d) but cannot compensate for the productivity gains of the mixture.

5.4 Discussion

We were able to demonstrate the role of functional diversity for the GPP and SOC stocks of managed

grasslands at the global scale, making use of spatially explicit simulations of two functional diversity

scenarios with LPJmL-CSR. Generally, we find the direction of change and the order of magnitude plau-

sible because, despite our highly aggregated representation of functional diversity using CSR theory, the

model was able to match historical observations well, and projected changes in community composi-

tion are rooted in important trade-offs between ecological strategies. This is a novel approach, with

strengths and weaknesses regarding the LPJmL model in general, the CSR implementation (5.4.1) and

its comparison to field experiments and ecological theory (5.4.2).

5.4.1 Highlights and limits of LPJmL-CSR

LPJmL-CSR is, to our knowledge, the only DGVM that includes a representation of the functional di-

versity of managed grasslands and neither follows an individual-based approach nor represents entire

trait distributions. While LPJmL-CSR has previously been applied only at the local scale (Wirth et al.,

2024b), we successfully calibrated it for a global application using only the three main CSR strategies.
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While this is a major step, our evaluation highlighted the need for future model development because

the representation of trade-offs between the different strategies is not sufficient to fully reproduce ob-

servational data (see 5.3.1). Our comparison showed that the R-PFT is generally at a disadvantage and

underrepresented compared to the data, while the C-PFT is generally at an advantage and therefore

overrepresented.

This is likely because the current version of LPJmL-CSR lacks a key feature of R strategies, the

representation of reproduction and mortality (Wirth et al., 2024b). While LPJmL-CSR simulates a

higher establishment rate — representative of more offspring — for the R-PFT, reproduction costs are

not differentiated between strategies. However, the R strategy is characterised not only by a large

number of offspring but also smaller seeds (Grime, 1977) and lower reproductive costs which correlate

with plant size (Obeso, 2002). Additionally, the R strategy is successful in areas with a short growing

season where the other strategies cannot survive due to factors like drought or cold mortality (Grime,

1977), which are not represented in LPJmL-CSR. Implementing additional processes to close these gaps

will likely improve simulation results. To represent seed banks, the approach of the QUINCY model

which includes the allocation of resources to fruits and a seedbed might serve as an inspiration (Thum

et al., 2019). Different mortality types could be implemented following existing modelling approaches.

For example, the FATES model represents frost death based on temperature and PFT-specific parameters

(Lambert et al., 2023). Furthermore, we used only the three main strategies defined by the CSR theory.

Therefore, communities in the model can follow intermediate strategies if they are mixtures of subsets

of the main strategies. However, intermediate strategies could also be implemented at the PFT level, for

example through the addition of a CS-PFT with traits lying between the C- and S-PFT. While this could

improve model results further, it would also increase model complexity and, in turn, computation costs,

necessary calibration efforts and data requirements.

Comparing historical GPP and projections for RCP2.6 and 7.0 showed an increase of grassland GPP

under climate change. While higher atmospheric CO2 concentrations and temperature facilitate produc-

tivity, these effects should be compensated by increased water limitation due to reduced precipitation

and increasing number of drought events (Sheffield and Wood, 2008). We suspect that the water lim-

itation and the effect of drought on vegetation are underestimated in the simulations as several related

damage processes are not explicitly implemented in the model. Plant damage from drought as well

as mortality, such as from embolism, are not represented in LPJmL enabling the PFTs to survive even

severe droughts with only some biomass loss via litter fall. As a result, the amount of living biomass

that can be used for photosynthesis is overestimated at the end of a dry period.

While additional model development will likely improve the fit to data, the existence of data on

community share of the different strategies limit the calibration process and therefore the performance

of the calibrated model substantially (5.4.2).
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5.4.2 The role of functional diversity

We used data from Wolf et al., 2022 which provide a global map with almost full coverage for several

plant traits combining TRY data and citizen science observations from iNaturalist. These data consist

of photographs of plants taken by citizens and may contain a selection bias for rare or appealing species

(Schiller et al., 2021). Resulting trait ranges might therefore not be representative of typical managed

grassland species. Furthermore, we added another layer of pre-processing by applying the StrateFy

approach. This approach can be used to calculate C, S and R shares of a community based on three

plant traits. In the future, this approach could be refined by considering additional data sources, such as

the sPlot-based traits maps from Wolf et al., 2022. Since sPlot is a database of scientific experiments,

derived trait values are likely more representative of actual communities. However, it does not cover the

same spatial extent as iNaturalist and is insufficient for a global evaluation. Still, the trait data derived

from sPlot sites could potentially be used for a bias correction of the iNaturalist-based product in future

research.

In line with the diversity productivity theory (Craven et al., 2016; Schulze and Mooney, 1993; Tilman

et al., 2012), LPJmL-CSR simulated substantially lower GPP and SOC stocks if the non-dominant PFTs

were removed. While this approach does not represent actual diversity loss, it can serve as a proxy

to represent a very low biodiversity scenario comparable to the artificial communities of biodiversity

experiments. Qualitatively, our results are in line with these experiments which show an increase in

productivity with increasing species numbers (e.g. Tilman et al., 2001; Weisser et al., 2017). However,

these experiments have been criticised for not being representative of natural systems due to the artificial

removal of diversity through weeding, which affected soil fertility (Weisser et al., 2017) and in turn led

to artificially low productivity in low-diversity plots (Jiang et al., 2009). In fact, other studies found

a maximum productivity at low diversity levels (Schulze et al., 2018). In LPJmL-CSR, the loss of

productivity is less severe because the model does not include pests, diseases and disturbances through

repeated weeding. As such, the FD- scenario may be more comparable to the loss of some, but not all,

functional diversity.

Our results show an increase in the productivity of the dominant PFT in FD- compared to FD+ due

to increased resource availability and reduced competition. However, the communities with low func-

tional diversity (FD-) rarely obtained a higher productivity than the functionally diverse communities

(FD+). The differences between FD+ and FD- in our example regions highlight that the underlying

reasons may differ. In large parts of Uganda and South Sudan and Germany, the increase in produc-

tivity of the dominant PFT in FD- could not compensate the loss of productivity from non-dominant

PFTs. Only in communities where the dominant PFT could strongly increase its community share and

therefore resource uptake, the increase in productivity of the dominant strategy could compensate the
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effect of functional diversity. This aligns with recent findings that the diversity-productivity relation-

ship is mediated by various factors such as climate, soil properties, management or landscape structures

(e.g. Andraczek et al., 2024; Lucie et al., 2023; Nie et al., 2024; Pan et al., 2022). In the south-east

of Germany, FD- showed lower productivity because the historically dominant PFT became unsuitable

in the future climate leading to the breakdown of the community. This shows that functional diversity

can serve as insurance against climate change, which was also shown in multiple field experiments (e.g.

Petermann and Buzhdygan, 2021). In North and South Carolina, however, the lower productivity in FD-

was caused by the community’s lack of adaptability to climate change. The temperature increase led to

an advantage of tropical C4 PFTs not present in 2014 when the dominant PFT for FD- was determined,

but present in 2100 in FD+. This is in line with field experiments and empirical modelling for North

America showing an advantage of C4 species at higher temperatures and predicting an increase of C4

species in areas where C3 and C4 species are both abundant (Havrilla et al., 2023; von Fischer et al.,

2008). This serves as an example of how the migration of plant species may help to adapt to climate

change and lessen its impacts. While this is well researched (e.g. Twardek et al., 2023), the velocity of

climate change and species migration are not the same, limiting the natural adaptation capacity of com-

munities (Loarie et al., 2009; Pearson, 2006), which is not represented in LPJmL-CSR. Therefore, the

effect of community adaptation simulated by LPJmL-CSR can only be interpreted as a potential effect.

5.5 Conclusions

Using the LPJmL-CSR DGVM, we conducted the, to our knowledge, first global-scale assessment of

the role of functional diversity for GPP and SOC stocks of managed grasslands. In this first analysis,

we compare two states: a scenario with functional diversity (FD+) to a scenario without functional

diversity (FD-) quantifying the differences in GPP and SOC storage. However, the change in functional

diversity is not a rapid state shift but long-term transition responding to climate change. In combination,

climate change and functional adaptation of communities may encompass feedbacks and affect each

other. For example, climate change is likely to outpace the natural adaptation capacity of managed

grassland communities, accelerating the loss of functional diversity (Zhu et al., 2024), which may affect

the land carbon sink via reduced SOC stocks (Bai and Cotrufo, 2022). While we see opportunities for

further model improvement, our results are generally in line with observations and ecological theory.

Therefore, LPJmL-CSR could serve as a tool to further investigate the aforementioned interactions at

the global scale.

Furthermore, our results show once more that preventing the loss of functional diversity will help to

maintain grassland productivity under climate change, which is crucial for many livelihoods, especially

in the global south (Scollan et al., 2005; Wang et al., 2022a). The loss of SOC storage that goes
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hand in hand with functional diversity loss reduces the terrestrial carbon sink, negatively affecting the

remaining carbon budget. Further research is needed to better quantify productivity and SOC storage

losses, and their feedbacks with other Earth system components. Our findings underpin the need for

development and application of grassland management practices that support functional diversity to

incentivise policymakers to assist farmers in the necessary transition.
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Lebas, G. Levavasseur, C. Lévy, L. Li, F. Lott, T. Lurton, S. Luyssaert, G. Madec, J.-B. Madeleine, F. Maignan, M.
Marchand, O. Marti, L. Mellul, Y. Meurdesoif, J. Mignot, I. Musat, C. Ottlé, P. Peylin, Y. Planton, J. Polcher, C. Rio,
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Marsh, W. Bond, B. Bond-Lamberty, A. Boom, C. C. F. Boonman, K. Bordin, E. H. Boughton, V. Boukili, D. M. J. S.
Bowman, S. Bravo, M. R. Brendel, M. R. Broadley, K. A. Brown, H. Bruelheide, F. Brumnich, H. H. Bruun, D. Bruy,
S. W. Buchanan, S. F. Bucher, N. Buchmann, R. Buitenwerf, D. E. Bunker, J. Bürger, S. Burrascano, D. F. R. P. Burslem,
B. J. Butterfield, C. Byun, M. Marques, M. C. Scalon, M. Caccianiga, M. Cadotte, M. Cailleret, J. Camac, J. J. Camarero,
C. Campany, G. Campetella, J. A. Campos, L. Cano-Arboleda, R. Canullo, M. Carbognani, F. Carvalho, F. Casanoves, B.
Castagneyrol, J. A. Catford, J. Cavender-Bares, B. E. L. Cerabolini, M. Cervellini, E. Chacón-Madrigal, K. Chapin, F. S.
Chapin, S. Chelli, S.-C. Chen, A. Chen, P. Cherubini, F. Chianucci, B. Choat, K.-S. Chung, M. Chytrý, D. Ciccarelli,
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P. Manning, S. Manzoni, Z. Marchetti, L. Marchino, V. Marcilio-Silva, E. Marcon, M. Marignani, L. Markesteijn, A.
Martin, C. Martı́nez-Garza, J. Martı́nez-Vilalta, T. Mašková, K. Mason, N. Mason, T. J. Massad, J. Masse, I. Mayrose, J.
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Chapter 6

General discussion
As outlined in 1.1, managed grasslands are complex systems and functional diversity is important for

the ecosystem services they provide. In the past, field experiments and detailed modelling at small

spatial scales have contributed to our understanding of the role of functional diversity in managed grass-

lands. Nevertheless, the role of functional diversity in grassland ecosystem services is still not fully

resolved. Early empirical research suggested that the effect of functional diversity is generally positive

for grassland productivity and functional diversity loss leads to a productivity decrease (Tilman et al.,

2001). However, these findings were challenged because the effect was not observed in all field exper-

iments (Adler et al., 2011). To date, functional ecologists are still disentangling the complex interplay

of environmental conditions, management and functional diversity, trying to find universal relationships

between functional diversity and ecosystem service provision. Especially the diversity-productivity

(e.g., Craven et al., 2016; Tilman et al., 2012), diversity-stability (e.g., Buzhdygan et al., 2020; Isbell

et al., 2015b) and diversity-invasion theories (Petermann et al., 2010; Zavaleta and Hulvey, 2004) are

of interest beyond functional ecology because of their potential to contribute to ecosystem adaptation

to climate change. Regardless of this debate, historically, dynamic global vegetation models (DGVMs)

have not considered the role of functional diversity in their analyses. While this has been addressed

for natural ecosystems in so-called next-generation DGVMs (Sakschewski et al., 2015; Scheiter et al.,

2013), a representation of functional diversity in managed grasslands is still lacking.

Despite this gap, classic DGVMs — defined here as models that represent plant communities using

only a small number of plant functional types (PFTs) and do not account for functional diversity beyond

phenology and leaf type — are widely used to study managed grasslands under climate change. For

example, Chang et al. (2017) project an increase in grassland yields and optimal stocking densities for

warming levels between 1.5 and 3.5 ◦C (see also 1.1.2). However, their model considers only a C3

and C4 grass plant functional type (Chang et al., 2013) and their results do not account for the role of

functional diversity. As a consequence, their projected increase in optimal stocking density does not

consider the role of functional diversity in the ability of managed grasslands to adapt to climate change.

Therefore they may have either over- or underestimated grassland productivity adaptation and projected

optimal stocking densities under climate change. Additionally, animal stocking density also affects

plant functional diversity and the relationship between functional diversity and ecosystem services (e.g.,

Chillo et al., 2017; Sanaei et al., 2023).

Rolinski et al. (2021) who also employed the Lund-Potsdam-Jena managed Land (LPJmL) model

that was used in this thesis, studied the effects of climate and land-use change on grassland productivity
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and soil organic carbon stocks. Similarly to Chang et al. (2017), functional diversity could not be

considered by Rolinski et al. (2021) because it was not represented in LPJmL. While both examples

provide important insights into the future of managed grasslands in different regions, future research

would benefit from the explicit representation of functional diversity. Additionally, results would be

more relevant — and potentially more informative for policymakers, farmers and other stakeholders —

because functional diversity is an important side constraint of managed grassland productivity which is

otherwise ignored.

Addressing this gap, this thesis provides an overview of the processes that are insufficiently repre-

sented or missing from DGVMs but are necessary for representing grassland functional diversity (Chap-

ter 2). To identify these processes, I conducted a model comparison between the LPJmL DGVM and

the Grassland Individual-based Dynamic Model (GRASSMIND) to investigate the capability of both

models to simulate vegetation dynamics of monocultures and multi-species communities. Based on

these findings, I developed an approach to represent the role of functional diversity in managed grass-

land ecosystem services (Chapter 3), as well as biological nitrogen fixation (Chapter 4) in the LPJmL

DGVM. This approach incorporates the well-known competitor, stress-tolerator, ruderal (CSR) theory

to represent the establishment of different ecological strategies depending on environmental conditions

and management. The functional differences between the strategies described by the CSR theory are

represented using several functional plant traits and trade-offs from the global spectrum of plant form

and function (Dı́az et al., 2016). Using the extended LPJmL-CSR model, I investigated the role of

functional diversity in managed grassland productivity and soil organic carbon storage at the local scale

in different climates and under different management (Chapter 3), as well as on the global scale under

climate change (Chapter 5).

Chapters 2 to 5 provide a foundation to discuss the contribution of functional diversity to ecosystem

services that support food security at the global scale (6.1), the implications for the challenges arising

from the combination of biodiversity loss and climate change (6.2) and the advantages and disadvantages

of using a classic DGVM to simulate functional diversity (6.3).

6.1 The contribution of grassland functional diversity to forage

supply, soil organic carbon stocks and food security

One of the main research questions of my thesis was to improve the understanding of functional diver-

sity’s role in the productivity and soil organic carbon (SOC) storage of managed grasslands. To address

this, I analysed the results of several simulation experiments presented in Chapters 3 and 5. In Chapter

3, I assessed how different levels of management intensity affect forage offtake and SOC stocks across

various climates. Using the new LPJmL-CSR model, I investigated three managed grasslands for which
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data from field experiments were available to assess the validity of the approach and analyse the role of

climate and management in community composition. Although my scenarios cover only a limited num-

ber of different management options, they highlight the system’s complexity. For example, intensive

management with high stocking densities leads to a loss of SOC and aboveground biomass at the cold

steppe site in Inner Mongolia, which emphasizes the need to adapt — and often reduce — the stocking

densities to prevent overgrazing.

However, simply reducing stocking densities is often not sufficient to restore grasslands because part

of the native species pool has been lost (Török et al., 2021) or replaced by invasive or deliberately

sown species. These native species pools co-developed with wild grazing animals over long periods

resulting in a dynamic equilibrium of key ecosystem functions such as productivity and carbon stor-

age. Restoration of the native species pool is complex and requires knowledge of the local seed bank,

migration patterns and potential methods to suppress invasive species (Török et al., 2018). A recent

study on grazing exclusion in Inner Mongolia showed that grazing exclusion for up to twenty years

increases grassland productivity and SOC stocks, followed by a decline under prolonged exclusion (Liu

et al., 2025). Hence, grassland restoration is complex and measures must be designed specific to the

context of the respective grassland and the reference state against which restoration should be evaluated

(see Török et al., 2021). While LPJmL-CSR is not a suitable tool to inform on grassland restoration

practices at specific sites due to its resolution, the simulations still highlight that functional diversity

underpins grassland productivity and SOC stocks and should be maintained or restored. Specifically,

LPJmL-CSR enables studying management-dependent community compositions, which allows draw-

ing conclusions on the effect of management changes not only on overall productivity and soil organic

carbon stocks but also on the abundance of different strategies. For example, in Chapter 3, I investigated

different resource limitations by conducting rainfed, irrigated or fertilised simulations. At the temper-

ate grassland site in Germany, the comparison of these different scenarios showed that the simulated

functional composition of the community was barely affected by manure application because nitrogen

limitation was compensated by increased biological nitrogen fixation in the unfertilised simulations.

However, at the hot steppe site in Namibia, irrigation increased the share of the competitive and ruderal

strategies.

Considering the high complexity of factors that contribute to grassland ecosystem services in general,

a broad set of research approaches is needed to improve knowledge, develop more sustainable manage-

ment options and quantify sustainable stocking densities. As described in more detail in Chapters 3 and

5, productivity, and in turn, SOC stocks are controlled by temperature, water and nutrient availability,

atmospheric carbon dioxide (CO2) concentration, irrigation, fertiliser application, defoliation intensity,

trampling and fire. These factors influence productivity and SOC stocks directly but also indirectly

via their control over functional diversity. For example, Weigelt et al. (2009) show that similar pro-
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ductivity can be achieved in intensively managed low-diversity and extensively managed high-diversity

systems, illustrating the importance of the interaction between functional diversity and management. It

is therefore reasonable that a community with low resource stress and, as a result, a lower functional

diversity and a community with somewhat higher resource stress and, in turn, functional diversity may

have similar productivity and SOC stocks. However, if functional diversity is removed, the somewhat

stressed community may lose some of its productivity and SOC stocks. Because plant communities that

do not suffer from any stress are rare, maintaining functional diversity is crucial. This is in line with the

results of Chapter 5, which show a substantial loss of simulated gross primary productivity (GPP) and

SOC in many regions if functional diversity is reduced to the dominant strategy. Especially, GPP can

directly be related to aboveground biomass and, in turn, the provision of forage and livestock products

that contribute to food security.

With respect to food security research, LPJmL-CSR can only be used to assess the availability and

stability dimensions of food security. My results indicate that functional diversity is important for both

these dimensions of food security. As described in detail in Chapters 3 and 5, functional diversity sup-

ports productivity and SOC stocks in managed grasslands. Productivity largely determines the amount

of ruminant meat or dairy that can be obtained and, therefore, food availability. SOC stocks are not only

important for the terrestrial carbon sink but also for the nutrient balance (Gerke, 2022), preventing fer-

tility loss and ensuring the stability and availability of grass-based food products. Furthermore, while I

did not simulate scenarios to assess the capacity of functional diversity to increase community resilience

against water stress, this has been established through field experiments across different environmental

and management conditions (Isbell et al., 2015a; Walde et al., 2021). However, other studies did not find

a benefit of functional diversity for drought resistance but rather a loss of functional diversity with de-

creasing precipitation (Miller et al., 2019). Considering that drought frequency and intensity will likely

increase under climate change, the potential of functional diversity to reduce drought impacts and the

risk of decreasing food security in regions of marginal productivity, where grass-based food products

are most important for food security, should be a future research priority. Here, LPJmL-CSR could be

used to conduct simulation experiments for various levels of drought stress as was already done with

LPJmL and GRASSMIND in Chapter 2.

While field experiments provide important insights at the local scale and meta-analyses can synthesize

these, using a global-scale model adds another perspective. It allows for the comparison of grasslands

under different environmental conditions and management within one consistent framework, without

additional harmonization that is necessary when comparing field experiments. This thesis showed that

functional diversity is important for productivity in managed grasslands across the globe. However, the

underlying reasons differed and, in some cases, were dependent on climate change (see also Chapter

6.2). While my results are similar to those of empirical research and highlight the importance of func-
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tional diversity once more, I did not investigate the role of management intensity at the global scale.

Here, sufficiently detailed datasets are not available. The dataset I used for stocking density (Heinke,

2025), based on Herrero et al. (2013), only contains estimates for one year and values for some coun-

tries are unrealistic. For example, stocking densities in India are unrealistically high as a result of high

livestock numbers that are likely not all fed by reported grassland areas. Therefore, I did not include this

in my research questions and refrained from giving detailed advice on how to adapt stocking densities

and management practices but see this work as the basis for additional investigations and for providing

a global-scale approximation of the importance of functional diversity (see Chapter 1.4).

Additionally, assessments based on one specific model can contain significant uncertainties. In mod-

elling, multi-model ensembles are commonly applied to account for the uncertainties in different imple-

mentations of the same processes, making their results more robust than those of single models (Duan

et al., 2019). For example, Sándor et al. (2020) and Sándor et al. (2023) compared the carbon and ni-

trogen fluxes of multiple grassland models, which vary in the range of processes represented and the

complexity of their approaches. Using an ensemble, they were able to improve the representation of his-

torical carbon fluxes (Sándor et al., 2023). However, Sándor et al. (2023) also highlight that ensembles

may show deficiencies in the representation of underlying processes. Additionally, even if ensemble

members produce similar results, there is no guarantee that the results are correct because all ensemble

members might miss specific important processes or drivers potentially distorting their results (Parker,

2013). Unfortunately, I am also unaware of any other global vegetation models that can represent func-

tional diversity in managed grasslands and a broad set of management options. However, such models

would allow for providing an ensemble showing a range of changes for different variables at different

grassland functional diversity levels.

6.2 Implications for the dual challenge: biodiversity loss and

climate change

I clearly demonstrated that functional diversity is important for grassland productivity and SOC stocks

under climate change in Chapter 5. This analysis also presents the first global-scale assessment of

the role of functional diversity in grassland productivity and SOC stocks. However, my evaluation

showed that the representation of ecological strategies can be further improved and additional trade-

offs and processes should be included in LPJmL-CSR. In this assessment, I compared a world where all

represented ecological strategies could establish (high functional diversity) with one where communities

only contain the dominant ecological strategy (low functional diversity). This comparison showed that

the role of functional diversity for GPP and SOC stocks varied across different regions of the globe.

These differences were related to different responses of the plant community to climate change and
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the removal of subordinate PFTs. In some regions, the productivity of the dominant PFT increased if

its competitors were removed. However, the increase was rarely sufficient to surpass the productivity

of the diverse community. In other regions, the historically dominant PFT became unsuitable under

climate change and grassland productivity either completely plummeted in the scenario without diversity

or a shift in the community composition led to increased productivity in the scenario with a diverse

community.

Generally, the results of Chapter 5 align well with ecological theory and functional diversity experi-

ments. This is especially important, considering that currently functional diversity is continuously lost

as a result of intensified management (Flynn et al., 2009; Wesche et al., 2012). Climate change has been

discussed to accelerate functional diversity loss, which may, in turn, lead to a reduction in the natural

carbon sink and the remaining CO2 budget (Raven and Wagner, 2021; Warren et al., 2021; Zhu et al.,

2024). Therefore, biodiversity loss and climate change cannot be treated as separate challenges but must

be resolved together. While the large-scale interactions between functional diversity loss and climate

change have been modelled for forests (e.g., Miles et al., 2004), for grasslands, only meta-analyses of

empirical research (e.g., Borer et al., 2017) and local and regional studies exist (e.g., Movedi et al.,

2023; Movedi et al., 2024). Nevertheless, these studies found a strong interaction effect and called for a

change in management. In the future, LPJmL-CSR could be used to investigate a portfolio of manage-

ment and functional diversity scenarios to project and inform on potential productivity and SOC stocks

of managed grasslands. However, such scenarios should also consider projected land-use change. Espe-

cially since land-use allocation models project significant changes in the extent of managed grasslands

(Popp et al., 2017).

At the global scale, land-use allocation models project a reduction in grassland areas until 2100

caused by large-scale afforestation/reforestation efforts to mitigate climate change (Bluwstein and Ca-

vanagh, 2023; Weindl et al., 2024). However, Popp et al. (2017) show that the projected change in

grassland area depends on socio-economic development and values for 2100 range from a reduction of

up to 1000 Mha to an increase of 500 Mha. Considering that pasture areas will most easily become

available for afforestation if the consumption of ruminant meat and dairy products is substantially re-

duced (Humpenöder et al., 2024), I observe a contrast to recent trends showing continuously high meat

consumption in the global North and a catching up of the global South (Delgado et al., 2001), although

I want to emphasize that livestock consumption remains minimal in many countries of the global South

(Li et al., 2024). Regardless of the change in grassland area, whether these grasslands remain carbon

sinks or become a source of carbon under climate change will largely depend on their management (Bai

and Cotrufo, 2022; Bardgett et al., 2021; Conant et al., 2017). In Chapter 5, I showed that functional

diversity provides a buffer against losses in productivity and SOC storage even under moderate climate

change. It follows that functional diversity is important for both climate-change adaptation through
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changes in communities as well as for climate change mitigation by supporting SOC stocks, which con-

tribute to the land carbon sink. However, maintaining functional diversity in grasslands will also require

the adaptation of production and consumption patterns, as management needs to be made less intensive.

Even if diets shift and ruminant meat and dairy consumption is substantially reduced, large grassland

areas will remain (Popp et al., 2010) and should be managed sustainably.

LPJmL-CSR could be used to assess different management intensities globally and compare the re-

sulting productivity and SOC stocks to estimate sustainable management intensities. Providing such

information to land-use allocation models or global land use modelling frameworks, such as the Model

of Agricultural Production and its Impacts on the Environment (MAgPIE) (Dietrich et al., 2019), could

improve their projections of future land-use change. These projections are based on socio-economic

variables and projected agricultural productivity, which includes managed grassland productivity but

currently does not explicitly quantify the role of functional diversity. The joint results of land-use allo-

cation models and DGVMs could contribute to informing policies aimed at combating biodiversity loss

and climate change while maintaining the role of grasslands in food security.

6.3 Advantages and disadvantages of using LPJmL-CSR to

assess functional diversity

DGVMs have long been criticized for their simplified representation of ecosystems using PFTs, which

largely neglects functional diversity (Quillet et al., 2010). So-called next-generation or trait-based

DGVMs have addressed this by including functional diversity, usually via trait distributions of well-

known functional traits such as specific leaf area (SLA) (e.g., Pfeiffer et al., 2019; Sakschewski et al.,

2015). Often, such models are individual-based models, where individuals represent single plants with

different functional traits. While this is a substantial improvement in the representation of functional

diversity and ecosystems, their application at the global scale is hindered by substantially higher com-

putational costs compared to classic DGVMs. Therefore, DGVMs that follow a PFT approach are still

widely used, either as parts of Earth system models (e.g., Drüke et al., 2023; Notaro et al., 2007) or

stand-alone to assess climate change impacts (Friedlingstein et al., 2024; Liu et al., 2021). Addition-

ally, next-generation DGVMs have mainly focused on forest ecosystems and natural vegetation but have

so far not considered agricultural ecosystems such as managed grasslands. Considering the trade-offs

between a detailed representation of important dynamics and computational costs, seeking a compro-

mise that considers important dynamics in a simple way is required. One option is to develop a simple

approach that aligns with the average individual philosophy of classic DGVMs.

The model inter-comparison of LPJmL and GRASSMIND in Chapter 2 highlights the advantages and

disadvantages of both the average-individual and the individual-based approaches, providing guidance
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on the level of complexity needed to represent functional diversity. While both models were able to mod-

erately match observations of monoculture and multi-species communities, my comparison showed that

neither model approach provides a definitive solution to represent all aspects of grassland ecosystems

that were relevant at the Jena site well. In both models, the representation of multi-species communities

required improvement, necessitating further model development. In particular, trade-offs between dif-

ferent ecological strategies were not well represented. For example, while species with a high specific

leaf area were more competitive, consistent with empirical findings (Pierce et al., 2013), the trade-off

with leaf longevity was not represented. Furthermore, in both models, competition for below-ground re-

sources, such as water and nitrogen, was not sufficiently represented, limiting the number of potentially

successful ecological strategies primarily to aboveground processes. I hypothesized that implementing

trade-offs between different ecological strategies, along with a better representation of below-ground

resource competition, would be a major step forward and, therefore, focused on these aspects during

model development. This model development was conducted for the classic DGVM LPJmL, leading

to advantages and disadvantages compared to a similar implementation in an individual-based next-

generation DGVM.

While classic DGVMs are commonly used to investigate the carbon cycle (e.g., O’Sullivan et al.,

2022; Teckentrup et al., 2021) and to quantify the terrestrial carbon sink (Friedlingstein et al., 2024),

next-generation DGVMs — or, more generally individual-based vegetation models — focus more on

ecological research questions, such as species interactions (Pfeiffer et al., 2019; Scheiter et al., 2020).

Zakharova et al. (2019) conducted a review of trait-based models and found that they can contribute to

a comprehensive understanding of global change effects on communities. However, considering that

answering the research questions of this thesis requires an assessment of parts of the carbon cycle, I

decided to use the classic DGVM LPJmL. LPJmL has a long-standing history of global-scale appli-

cations to assess different aspects of the carbon cycle (e.g., Herzfeld et al., 2021; Pugh et al., 2020;

Rolinski et al., 2018; Xu et al., 2020); however, my comparison showed that trait trade-offs are not well

represented. While I was able to improve this aspect through extensive model development (Chapter 3),

continuous effort is needed to further enhance the representation of functional diversity (see 6.4).

To retain the PFT-based approach, I had to base the model development on a theory that allowed

the aggregation of functional diversity into a limited set of ecological strategies. I decided to base the

representation on CSR theory because it has been mapped to functional traits that were already present

in LPJmL or could be added as new parameters. While CSR theory has been used in modelling at the

local scale (e.g., Schippers et al., 2022), I was the first to apply it to represent functional diversity in a

DGVM. The resulting model, LPJmL-CSR, was first tested at three sites in different climates and under

various management conditions (Chapter 3) and subsequently calibrated and applied at the global scale

(Chapter 5). The tests at the three sites showed that LPJmL-CSR could represent the annual average
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CSR composition of the communities. However, the traits used to represent these communities differed

depending on environmental conditions and management, illustrating that there is no one-size-fits-all

parameter set to reproduce the results of local experiments in detail. However, this is not the main

application of LPJmL, which was designed to reproduce large-scale patterns and trends and I therefore

view the local-scale assessments in Chapters 2 and 3 as proof of concept that functional diversity can

be represented in a DGVM if trade-offs between different ecological strategies are included. Chapter

5 contains a global-scale analysis in which I showed that total community GPP was well reproduced

and that community composition varied across regions. However, I also identified the need for further

model development to better distinguish ecological strategies and functional diversity. In the following

paragraph, I compare some of the advantages and disadvantages identified in Chapters 2 and 3 to those

of next-generation or trait-based DGVMs.

Considering that trait-based models are continuously being developed, they will likely always out-

perform classic DGVMs at representing functional diversity. However, they will also continue to have

higher computational costs or become even more computationally expensive if additional functional

traits are included, increasing the number of individuals required to represent the trait space adequately.

Therefore, their ability to be applied to questions requiring large simulation ensembles using different

inputs (e.g., climate or management scenarios) may remain limited. Ideally, the development of clas-

sic and trait-based DGVMs would become integrated, ensuring that general improvements of either are

incorporated into the other. For example, the Lund-Potsdam-Jena General Ecosystem Simulator (LPJ-

GUESS) model (Smith et al., 2001) can be applied as an individual-based and a classic DGVM which in

theory promotes close interaction among developers of different model realisations. Similarly, LPJmL

is developed in close collaboration with the trait-based Lund-Potsdam-Jena managed Land - Flexible

Individual Traits (LPJmL-FIT) model (Sakschewski et al., 2015; Thonicke et al., 2020), fostering syn-

ergies between the different approaches. Such a setup also offers the opportunity to use a large-scale

ensemble for an initial assessment, while a trait-based model can be used to investigate specific aspects

in greater detail. This combination could lead to better results than using only one approach, increasing

not only the informational value but also trust in the models.

6.4 Overall conclusion and future outlook

I successfully implemented a representation of functional diversity in managed grassland in a DGVM,

making LPJmL-CSR the first DGVM capable of assessing a wide variety of management, climate and

functional diversity scenarios. My assessments showed that the model was able to reproduce key ef-

fects of functional diversity on productivity and SOC stocks of managed grasslands at both the local

and global scale, which have also been described in empirical research. While this represents a major
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improvement, I found substantial potential for further model development. Future model development

should focus on improving trade-offs and distinguishing the differences between ecological strategies.

While LPJmL-CSR provides global-scale projections, it is limited by its coarse spatial resolution and

numerous assumptions about grassland management. Future research would benefit from joint assess-

ments with models at different scales especially for regions where LPJmL-CSR projects a strong role of

functional diversity.

My results emphasize once again that functional diversity should be considered when designing sus-

tainable management options and should be incorporated in corresponding policies. A multi-model en-

semble would be useful for providing robust information to policymakers. However, this would require

additional global-scale models to incorporate a variety of grassland management options and functional

diversity. Furthermore, additional research is needed to improve the representation of key processes and

in turn functional diversity. For example, the level of abstraction used to represent functional diversity

strongly affects both model results and computational costs. Using additional trait data or a more fine-

grained representation of functional diversity — one that covers a broader range of the trait space —

may be necessary to balance computational efficiency and realistic ecosystem dynamics.

Especially, the dual challenge of biodiversity loss and climate change needs to be investigated more

thoroughly to identify feedbacks and better quantify the role of functional diversity. My results provide

a foundation for further research using additional data on management intensities as well as changes in

grassland extent and allocation to broaden the scope of future scenarios. Initially, LPJmL-CSR could

be used to generate projections of grassland productivity and SOC stocks along a management intensity

gradient. These results could be integrated into land-use allocation models allowing them to account for

the role of functional diversity and management intensity in their projections of future land use and land-

use change. Finally, the scarcity of global-scale datasets on grassland management and productivity

limits the comparability to real-world grasslands. However, at the regional scale, such datasets are

available, for example, from field observations and remote sensing. Therefore, additional regional-scale

assessments of large grassland biomes, where LPJmL-CSR is calibrated against regional datasets, would

improve our understanding of the interactions between functional diversity, management intensity and

climate. This approach would also contribute to developing sustainable management options to maintain

agricultural production, preserve the land carbon sink and ensure food security.
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Bodegom, M. E. Schaepman, F. D. Schneider, and A. Walz (2020). “Simulating Functional Diversity of European Natural
Forests along Climatic Gradients”. In: J. Biogeogr. 47.5, pp. 1069–1085. ISSN: 1365-2699. DOI: 10.1111/ jbi .13809.
(Visited on 06/23/2023).

Tilman, D., P. B. Reich, and F. Isbell (2012). “Biodiversity Impacts Ecosystem Productivity as Much as Resources, Distur-
bance, or Herbivory”. In: PNAS 109.26, pp. 10394–10397. ISSN: 0027-8424, 1091-6490. DOI: 10.1073/pnas.1208240109.
(Visited on 12/16/2020).

Tilman, D., P. B. Reich, J. Knops, D. Wedin, T. Mielke, and C. Lehman (2001). “Diversity and Productivity in a Long-Term
Grassland Experiment”. In: Science 294.5543, pp. 843–845. DOI: 10.1126/science.1060391. (Visited on 01/06/2025).
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Appendix A
Appendix A contains the supplementary information for Chapter 2 Do details matter? Disentangling the

processes related to plant species interactions in two grassland models of different complexity.

A.1 Information on empirical data, input parameter and

calibration of the grassland models GRASSMIND and LPJmL

A.1.0.1 Information on the field experiment

We used empirical observations of four species (Festuca pratensis, Festuca rubra, Poa pratensis,Plantago

lanceolata) of the Jena Biodiversity Experiment (Weisser et al., 2017) for the parameterization of the

two grassland models. For each species, a monoculture plot (20 m x 20 m) is available. Note that the

following parameterizations for Poa pratensis and Plantago lanceolata do not include information of

the respective two-species-mixture plot. For a comparison of calibrated parameters in GRASSMIND in-

cluding this information, we refer to Taubert et al. (2020b). The two-species-mixture plot of P. pratensis

and P. lanceolata (although available in the field experiment) was not used for calibration of the models

because it was the only mixture-plot for which this information was available.

A.1.1 Vegetation attributes

Measurements have been collected for seven consecutive years (starting in year 2002). Seeds of each

plot were sown on bare field in the period 11-16 May 2002. From 2003 onwards, measurements were

taken twice a year for (a) aboveground biomass (AGB), (b) leaf area index (LAI), (c) vegetation height,

and (d) vegetation cover (Weigelt et al., 2010). Replicated measurements per census within the plot

are available for aboveground biomass (3 to 4 replicates) and vegetation height (10 replicates). In both

cases, we used the median value of all replicates for each of the biannual censuses. The field plots were

mown twice a year to a height of 10 cm (Weigelt et al., 2010).

A.1.2 Climate and soil properties

Climatic conditions for the local study site (precipitation, global radiation, relative humidity and air

temperature) were measured daily at two weather stations located near the experiment. Data from Jan-

uary 2004 onwards are supplied by the weather station of the Max Planck Institute for Biogeochemistry

(MPI, 2019) in Jena, Germany. Missing climate data for the years 2002 and 2003 were substituted by

data from the weather station of the Ernst-Abbe-Fachhochschule Jena (FH Jena, 2020). Gaps of missing

data at three days were filled with the mean value of the previous and following day.
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For each plot, empirical data on (a) soil texture (silt, sand and clay content), (b) permanent wilting

point (PWP), (c) field capacity (FC), (d) mineral nitrogen content and (e) dry bulk density was available

(Kreutziger et al., 2018). Measurements are available in different soil layers (different for each property;

down to 30 cm soil).

A.2 Model parameterization

A.2.1 GRASSMIND

A.2.1.1 Climate data preparation

Climate data were available on a daily basis and already ready-to-use for the grassland model. The

additional required potential evapotranspiration was derived from air temperature, global radiation and

relative humidity (Turc, 1961), while the required astronomic day length was calculated based on the

latitude (Forsythe et al., 1995).

A.2.1.2 Model parameter of plant attributes

GRASSMIND simulations start from bare ground and seeds start to grow into the simulated plots at

a specific point in time (here, we used 16 May 2002). In general, seeds can be sown once initially

and seeds can disperse from plants present at the plots and from the surrounding landscape during the

simulation time. Those different sources of seed ingrowth are summarized in GRASSMIND in one

model parameter (similar for all simulated plots).

During the simulation, plots were mown twice a year to a height of 10 cm (similar to the field exper-

iment). Mowing height is explicitly included in the GRASSMIND model as a day-specific parameter

for each mowing event (and thus, yield is dependent on the plant height structure of the simulated com-

munity at that specific point in time). As mowing dates, we used in the model for all years 15 May and

15 August (except for the year 2002: 15 July and 15 September; year 2006: 15 June and 15 August).

The growth of plants is simulated dependent on constant plant parameters (different parameters for

each species), and describe demographic, physiological and geometric attributes of the respective plant

species. Some parameters were measured at the field experiment or were available from independent

literature (Table SI A.1). Unknown parameters have been determined by applying inverse calibration

methods (see section on model calibration).

Sensitivity of parameters and processes have already been investigated in previous publications on

simulation studies using GRASSMIND. For example, (Schmid et al., 2021) identified in a global sen-

sitivity and robustness analysis for monocultures and multi-species mixtures (based on PFTs) the im-

portance of specific plant parameters and competition processes in relation to grassland productivity
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Figure A.1: Processes and plant compartments simulated in GRASSMIND and LPJmL

and species composition. The robustness analysis showed, for example, that space competition between

plants has a greater influence than competition for light (shading) on the productivity of the simulated

grassland (Schmid et al., 2021). Plant traits related to different processes such as reproduction, photo-

synthesis, or growth geometry play a major role in the species composition of grasslands (Hetzer et al.,

2021; Schmid et al., 2021; Taubert et al., 2020a). For example, Hetzer et al. (2021) showed that grass-

land productivity was mostly influenced by plant traits related to photosynthesis and geometry, while

other attributes (e.g., leaf area index and GPP) are more influenced by plant geometry and recruitment.

A simulation study of Taubert et al. (2020a) on a local parameter sensitivity of the grassland model

additionally highlighted that even small differences in characteristics of two plant species can promote

the dominance of one species in the mixture.

A.2.1.3 Soil dynamics parameter

In GRASSMIND, we modelled 20 soil layers (each 10 cm in height). Soil properties partly differ

between the soil layers (Table SI A.2). In case of no available data, we used the same properties as for

the soil layer above. We assumed as initial soil water content for each soil layer the respective field

capacity of each plot (Table SI A.2).

A.2.2 LPJmL

A.2.2.1 Climate data preparation

Because LPJmL requires a time-series with 365 days per year, in the preprocessing leap years were

identified and the data for December 31st were dropped. Afterwards the climate data were ready-to-use
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Table A.1: Species parameter for the GRASSMIND model. The table provides details about GRASS-
MIND parameters, with their units of measurements and prescribed or inversely parameter-
ized values.

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

hmax cm Maximum height of 120 120 60 70 (Info Flora 2021,
a plant Abaye 2019,

Weryszko-
Chmielewska
et al., 2012)

hw - Height-width ratio 1.0 1.0 4.4 1.0 Inversely
of a plant’s encasing parameterized
cylinder

fs g cm−3 Shoot correction factor 0.00089 0.00146 0.00142 0.00055 Inversely
parameterized

fO - Overlapping factor 1 1 1 1 Fixed1

SLA cm2 g−1 Specific leaf area 159.0 121.0 139.0 203.0 Inversely
parameterized

SRL cm g−1 Specific root length 50000 50000 50000 50000 Fixed1

rd1, rd2 - Parameters of the 3.506 3.506 3.506 5.777 (Schenk and
rooting depth 0.301 0.301 0.301 0.365 Jackson 2002)
power-law relationship

sr - Shoot-root ratio of 2.6 2.2 3.6 10.9 (Heisse et al.
plant biomass organs 2007)2

Nmeta
seed m−2 d−1 Seed rain from 2541 2541 2541 2541 Inversely

parameterized3

surrounding landscape
tmeta Julian day Julian day at which 136 136 136 136 (Weigelt et al.

seed rain starts 2010)
tem d Time between seed rain 14 14 21 7 (Heisse et al.

and seedling emergence 2007)
germ% - Seed germination rate 0.3 0.3 0.75 0.9 (Roscher et al.

2004)
hmin m Initial height of 0.03 0.03 0.03 0.03 Fixed (techni-

ingrowing seedlings cal parameter)
agerep yr Age at which recruit- 0.70 0.50 0.54 0.06 Inversely

ment starts parameterized
LLS d Leaf life span (start 40 126 170 21 Inversely

of yellowing leaves) parameterized
RLS d Root life span 668 311 703 741 Inversely

parameterized
sen d−1 Rate of litterfall of 0.08 0.08 0.08 0.08 Inversely

yellowed leaves parameterized3

to the litter pool
mseed d−1 Mortality rate of 0.057 0.052 0.137 0.137 Inversely

established seedlings parameterized
mbasic yr−1 Mortality rate of 0.093 0.104 0.123 0.011 Inversely

mature plants parameterized
life yr Life span of plants Perennial Perennial Perennial Perennial (Kühn and

Klotz 2002)
pmax µmol CO2 Maximum gross 43 45 15 29 Inversely

m−2 s−1 leaf photosynthesis parameterized
α µmol CO2 Initial slope of 0.21 0.29 0.27 0.15 Inversely

µmol light response curve parameterized
photons−1

k - Light extinction 0.2 0.2 0.2 0.8 Fixed1

coefficient
m - Transmission coefficient 0.1 0.1 0.1 0.1 (Thornley and

France 2007)
WUE gODM Water use efficiency 11.0 9.7 7.2 3.1 Inversely

kgH2O−1 coefficient parameterized
CNgreen - CN ratio of 24 19 19 10 Inversely

green leaves parameterized

1Note that these parameters have been fixed in this project in order to reduce the number of calibrated.
2Shoot-root ratios were used as measured for the first calibration step. In the second calibration step, shoot-root ratios were
fine-tuned in a range of ± 0.5.
3Parameters were only calibrated in the first step and remained fixed in the second step of calibration. Note the difference
of this calibration to previous parameterizations where Nmeta

seed was allowed to be different for the different species plots, but
mbasic was kept constant (Taubert et al., 2020b).
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Table A.1: Species parameter for the GRASSMIND model. The table provides details about GRASS-
MIND parameters, with their units of measurements and prescribed or inversely parameter-
ized values (continued).

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

CNsen - CN ratio of senescent 31 40 38 48 Inversely
leaves and roots parameterized

Nfix y/n Symbiotic N fixation No No No No (Kühn and
Klotz 2002)

allocshoot - Allocation rate of NPP 0.51 0.25 0.73 0.69 Inversely
to shoot growth parameterized

rm d−1 Maintenance resp- 0.02 0.02 0.02 0.02 (Amthor, 1984)
iration rate

rg - Growth resp- 0.2 0.2 0.2 0.2 (Amthor, 1984)
iration factor

1Note that these parameters have been fixed in this project in order to reduce the number of calibrated.
2Shoot-root ratios were used as measured for the first calibration step. In the second calibration step, shoot-root ratios were
fine-tuned in a range of ± 0.5.
3Parameters were only calibrated in the first step and remained fixed in the second step of calibration. Note the difference
of this calibration to previous parameterizations where Nmeta

seed was allowed to be different for the different species plots, but
mbasic was kept constant (Taubert et al., 2020b).

Table A.2: Summary of soil properties in GRASSMIND per plot and soil layer

Monoculture plot F. pratensis F. rubra P. pratensis P. lanceolata
(sown species)
Soil layers1 1 2 3ff 1 2 3ff 1 2 3ff 1 2 3ff
Field capacity (V%) 30.1 30.2 32.3 33.6 33.3 31.6 33.2 33.3 33.4 30.9 31.7 32.2
Permanent wilting 17.0 16.9 18.5 20.8 20.5 19.1 20.7 20.8 20.8 17.9 19.4 19.3
point (V%)
Initial mineral 0.32 0.32 0.5 0.26 0.26 0.47 0.27 0.27 0.25 0.17 0.17 0.24
nitrogen content
g/m2)2
Soil texture 56/22/22 59/16/25 69/8/23 56/22/22
(silt/sand/clay)3 in %
Porosity (V%) 45.6 45.6 45.6 52.1 52.1 52.1 46.5 46.5 46.5 46.3 46.3 46.3
Hydraulic con- 163.2 163.2 163.2 163.2 163.2 163.2 163.2 163.2 163.2 163.2 163.2 163.2
ductivity (mm/d)

1Soil layers are: (1) 0 – 10 cm, (2) 10 – 20 cm, (3ff) 20 – 30 cm and similar for all following 10-cm soil layers down to 200
cm soil depth.
2To calculate mineral nitrogen content, the sum of measured nitrate and ammonium per unit sediment mass [µg/g] of year
2002 is used. Measured values are given for soil depth 0 – 0.15 cm (used for first and second soil layer) and for soil depth 0.15
– 0.30 cm (used for third and following soil layers). Mineral nitrogen content in [g/m2] is then calculated by multiplying
the sum of both measured values (nitrate and ammonium) with the measured dry bulk density (and with 10-cm soil layer
depth) and converted to [g/m2]. Among the four monoculture plots, measured dry bulk density was only available for the
F.pratensis-plot and assumed for the other monoculture plots (maximum value of 1.46 g/cm3 was used)
3Values measured at 31 December 2002 were used
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Table A.3: Species parameter for the LPJmL model. The table provides details about LPJmL parame-
ters, with their units of measurements and default parameter values.

Parameter Unit Description Temperate Herbaceous Reference
SLA mm2 mg−1 Specific leaf area 12.5328 (Reich et al., 1992)
kbeer - Light extinction coefficient 0.5 (Larcher, 1995)
ρveg gCm−2 Area density of stubble biomass 25 (Rolinski et al., 2018)
l : r - Leaf to root ratio 0.8 (Sitch et al., 2003)

for the LPJmL model.

A.2.2.2 Model parameters of plant attributes

LPJmL simulations start from bare ground with the establishment of saplings. Additional saplings

can establish each day provided sufficient space is available. During the simulation, plots were mown

twice a year using the same mowing days as in GRASSMIND. However, since height is not explicitly

simulated in LPJmL mowing reduces aboveground biomass to a residual amount that is associated with

a certain cutting height. Since this amount is species-specific we included the respective parameter in

our calibration.

Plant growth is simulated depending on the pedoclimatic conditions and the constant plant parameters

which differ for each plant functional type and are derived from literature. We used the parameter values

of the temperate herbaceous plant functional type as starting values for our calibration (Table SI A.3) and

determined species-specific values for selected parameters using a Markov chain Monte Carlo method

(see section on model calibration). We selected the parameters based on expert knowledge and results of

already existing sensitivity analysis (Zaehle et al., 2005) which showed that kbeer was a highly sensitive

parameter. Forkel et al. (2019) found leaf longevity, which was used to determine SLA to be a sensitive

parameter. Instead of calibrating leaf longevity and calculating SLA we prescribe SLA directly. This

is possible, because leaf longevity is only needed to calculate SLA in the model version we used. In

the analysis of Zaehle et al. (2005) several tree specific parameters related to allocation of carbon were

sensitive and we selected l : r which is a grass specific parameter that is used in the allocation similar

to the tree specific parameters k(sa:la),kallom1, kallom2, kallom3, described in Schaphoff et al. (2018).

A.2.2.3 Soil dynamics parameter

LPJmL simulates the soil partitioned into 6 layers, with widths of 20, 30, 50, 100, 100 and 1,000

cm. Soil properties are defined for all layers (Table SI A.4). We calculated weighted averages of the

measured soil properties. Initial soil water content for each soil layer was determined in the natural

vegetation spinup.
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Table A.4: Summary of soil properties in LPJmL.
Monoculture Plot (Sown Species) F. pratensis F. rubra P. pratensis P. lanceolata

Field Capacity (V%) 31.9 32.0 33.4 32.0
Permanent Wilting Point (V%) 18.2 19.4 20.8 19.2

Soil Texture (Silt/Sand/Clay) in % 56/22/22 59/16/25 69/8/23 56/22/22
Porosity (V%) 45.6 52.1 46.5 46.3

A.3 Model Calibration

A.3.1 GRASSMIND

Unknown parameter per species (listed in Table SI A.1 as “inversely parameterized”) were determined

by comparing observations of the monoculture plot and model simulations (with randomly chosen pa-

rameter sets in predefined ranges).

For the observations to compare, we selected the seven-year time series data (2002 to 2008) of bi-

annual measurement information and additionally aggregated the median of each two censuses per year

to derive annual averages. We included all observed vegetation attributes: (a) aboveground biomass

(AGB in g/m2), (b) vegetation height (H in cm), (c) leaf area index (LAI in cm/cm), (d) vegetation

cover (C in %). Because weed cover was considerably high in some censuses (and the grassland model

does not simulate weeding), we corrected the measured target species cover by adding the respective

observed weed cover (assuming that weeds have not been present).

We applied a two-step calibration: (1) we calibrated all four monoculture plots in parallel including

all unknown parameters listed in Table SI A.1, and (2) we calibrated each monoculture plot separately

(with fixed Nmeta
seed and senescence rate, but allowed a fine-tuning of the shoot-root ratio). For each

step, we used the ‘dynamically dimensioned search’ optimization algorithm with 2,000 optimization

steps (Lehmann and Huth, 2015), which searched for an optimal set of model parameters by minimizing

the cost function. In each optimization step, the grassland model GRASSMIND was simulated on one

m2 with the algorithmic chosen parameter set, starting from bare ground in 2002 (seeding year) and

simulating until the end of 2008. Initial height of seedlings is predefined at 3 cm from which other state

variables (e.g. shoot biomass) are derived dependent on the species traits (Table SI A.1).

The cost function for the optimization included the comparison of all vegetation attributes of time-

series data between observation and simulation and includes three parts: (1) the arithmetic mean of

absolute errors for yearly aggregated measurements (with equal weights for each year), (2) sum of ab-

solute errors of all measurements (two censuses across all years), and (3) a vegetation height restriction

to ensure yield at mowing events (with 10 cm mowing height). For a selected attribute k (AGB, LAI, H

and C) and species i, we calculated the three parts as follows:

C1
k,i =

1

6

6∑
j=1

(
|ŷk,i,j − x̂k,i,j |∑6

j=1 x̂k,i,j

)
(A.1)
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C2
k,i =

∑Tn
j=1 |yk,i,j − xk,i,j |∑Tn

j=1 xk,i,j
(A.2)

C3
k,i = 100 ·

(
1−

∑Tn
j=1 δ(yH,i,j)

Tn

)
with δ(yH,i,j) =


0 if yH,i,j ≤ 10 cm

1 if yH,i,j > 10 cm
(A.3)

where yk,i is the simulated and xk,i is the observed time-series data (of all measurement samples

of size Tn), and ŷk,i is the simulated andx̂k,i is the observed time-series data (aggregated to annual

averages, only including year 2003 to 2008) for the respective vegetation attribute k and species i. For

the final calibration, we received an optimized cost function value of C = 7.11 (details are listed in Table

SI A.5).

Table A.5: Species plots with attributes and corresponding values for C1, C2, and C3
Species Plot Attribute C1 C2 C3
F. pratensis AGB (g m−2) 0.089 0.62 -

Height (cm) 0.069 0.48 0
LAI (-) 0.049 0.32 -

Cover (%) 0.075 0.46 -
Sum 0.28 1.88 0

F. rubra AGB (g m−2) 0.089 0.61 -
Height (cm) 0.047 0.29 0

LAI (-) 0.032 0.28 -
Cover (%) 0.040 0.22 -

Sum 0.21 1.40 0
P. pratensis AGB (g m−2) 0.086 0.69 -

Height (cm) 0.022 0.28 0
LAI (-) 0.044 0.35 -

Cover (%) 0.030 0.23 -
Sum 0.18 1.55 0

P. lanceolata AGB (g m−2) 0.048 0.44 -
Height (cm) 0.046 0.35 0

LAI (-) 0.028 0.32 -
Cover (%) 0.050 0.33 -

Sum 0.17 1.44 0

A.3.2 LPJmL

Selected parameters were calibrated using a Markov chain Monte Carlo method with a Metropolis Hast-

ing algorithm (Van Oijen et al., 2005). In this procedure, probability distributions of the parameters are

updated conditional on observations of selected outputs, while also considering the uncertainty of these

observations. This does not only lead to the identification of the best parameter vector but a distribu-

tion representing the uncertainty of the parameters (Van Oijen et al., 2005). The procedure is based in

Bayesian statistics. The criterion for acceptance of a chosen parameter is a likelihood function calculat-

ing the differences between simulations and observations. For a selected parameter, a value is chosen

from a prior distribution, i.e. an expected distribution of the parameter based on existing knowledge

including known parameter uncertainties. When one parameter is calibrated, the likelihood function is

determined for repeated choices of parameter values which results in a posterior distribution for this pa-

rameter. Mostly, the prior distribution is assumed to be an almost flat beta distribution within the known
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range of values for this parameter and the mode, i.e. the center of the distribution, is used to calculate

the initial likelihood. The subsequent choice of parameter values from a normal distribution forms a

chain and is used to calculate the likelihood. The resulting posterior distribution is updated iteratively

when the likelihood is improving.

For a more detailed description of the procedure we refer to McElreath (2016) and Van Oijen et al.

(2005) for an introduction to Bayesian statistics since we only describe the model specific implementa-

tion in the following. Parameter values are drawn from a probability distribution and the model results

(ymod) are compared to observations (yobs) and their error (σobs), to calculate the Likelihood (see Eq. 4

to 6) - the cost function of the Bayesian calibration (BC). This is an iterative procedure for which we

used 10.000 iteration steps which equals the chain length.

logLJ = flogP +
∑

flogL,j (A.4)

with the likelihood for each dataset j (AGB, LAI and cover)

flogL,j(ymod,j , yobs,j , σobs,j) = −0.5 ·
(
ymod,j − yobs,j

σobs,j

)2

− 0.5 · log(2π)− log(σobs,j) (A.5)

and the prior likelihood

flogP =
n∑

i=1

B(θi, p, q) (A.6)

B(θi, p, q) is the value of a beta distribution at θi with p = 1.0 + 4 · θ̂start−θ̂min
θ̂max−θ̂min

and q = 6.0 − p. Where

each θi is the parameter value of the current iteration step from the parameter vector Θ = (θ1, . . . , θn)

used in the calibration and θ̂ = θ
|θ| .

αlog = logPold + logLold − (logP + logL) — the difference between the likelihood of the last

accepted and the current parameter vector Θ — is calculated and compared to ξlog, the logarithm of a

random number between zero and one, to evaluate whether Θ is accepted and can be used to update the

prior distributions of the parameters. If αlog > ξlog, Θ is accepted. The randomness creates a chance

that Θs, which do not improve the likelihood but are expected to improve the prior distributions, can

also be accepted. Using the logarithm ensures that Θs with less bad likelihoods have a higher chance of

being accepted. If Θ is accepted, the multivariate Gaussian distribution is updated and the iteration step

ends.

After the iteration, the parameter values with the maximum probability from the updated prior distri-

butions (maximum a postiori) are selected for the new species’. We preselected parameters that were

expected to be sensitive to calibration (Table SI A.3) and used a range of ±50% of the default value for

the prior normal distributions.

For yobs,AGB and σobs,AGB, we used the median of AGB replicates and the respective standard deviation
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for each observation date. Since only one measurement was available per observation date for LAI and

cover, we used these for yobs of the two datasets and assumed an σobs of 30% of the mean over all

observations as proposed by Van Oijen et al. (2005). We provide an evaluation of the procedure based

on the RMSE, as well as the square errors and their decomposition into phase, variance, and bias for

simulation results using default and calibrated parameter values.

During each iteration step the model simulates vegetation dynamics between 2002 and 2015. How-

ever, only data between 2002 and 2008 for the observation dates are used in the cost function. The

initial water, carbon and nitrogen pools in the vegetation are the same for each iteration step and were

obtained using a 10.000 year spinup run with natural vegetation. The natural vegetation is converted

into grassland at the beginning of each iteration step.

A.4 Model evaluation

A.4.1 GRASSMIND

Model evaluation is based on the comparison of time-series data between observations and simulation

for each species concerning AGB, LAI, vegetation height and cover (Table SI A.6). We calculated the

root mean squared error (RMSE) and its normalized counterpart (NRMSE) based on each (bi-annually)

measured and simulated data point (excluding year 2002) by using R (R Core Team, 2019) and the

hydroGOF package (Zambrano-Bigiarini [aut et al., 2020). Normalization for calculating the NRMSE

was based on the range of maximum and minimum measured values.

Table A.6: RMSE (with NRMSE (%) normalized by range of observed values) of model calibration
results

Species F. pratensis F. rubra P. pratensis P. lanceol ata
AGB (g/m²) 209.4 (29.3%) 236.6 (38.8%) 80.1 (38.8%) 34.0 (26.9%)
Height (cm) 21.8 (50%) 11.7 (33%) 7.6 (50.9%) 8.3 (37.5%)

LAI (-) 0.73 (27.6%) 0.60 (36.7%) 0.47 (39.3%) 0.51 (27.1%)
Cover (%) 40.2 (53.5%) 26.4 (47.5%) 22.0 (36.9%) 23.5 (32.1%)

The influence of model stochasticity in GRASSMIND is only minor for the simulation results. A

single simulation run deviates from the average of 100 replicates by a maximum of 18% (median of

absolute relative differences), dependent on species: (a) for F. pratensis: 17.5% (AGB, LAI), 6.7%

(height), 7.6% (cover), (b) for F. rubra: 5.8% (AGB, LAI), 6.8% (height), 2.5% (cover), (c) for P.

pratensis: 1.6% (AGB, LAI), 12.1% (height), 0.3% (cover), and (d) for P. lanceolata: 6.2% (AGB,

LAI), 6.5% (height), 3.0% (cover).

x



Appendix A

A.4.2 LPJmL

We evaluated the calibration procedure against the same observations we used for calibration (Figure SI

A.1-3) and against a second set of observations from the monoculture experiments (see section 2.2.2).

Comparing the RMSE values before and after calibration show strong improvements between 1.0 and

1.9 m2m−2 for LAI (Table SI A.6). For AGB, the changes ranged from moderate improvements to

similar but slightly worse with values between -6.1 and 122.3gDMm−2 (Table SI A.7). For LAI and

especially AGB, the majority of the remaining mismatch between data and simulations can be attributed

to two observations (Figure SI A.4-5) while most of the observations were matched well. LPJmL sim-

ulated substantially lower cover than observed (Figure SI A.3) and similar or higher RMSEs between

-36.2 and 4.5 % were not driven by a mismatch to a small subset of observations (Figure SI A.6). The

underlying reasons and processes responsible are explained in detail in the main text (see section 3.1).

Table A.7: RMSE before and after calibration.
Species F. pratensis F. rubra P. pratensis P. lanceolata
RMSE Prior Posterior Prior Posterior Prior Posterior Prior Posterior
AGB 239.7 245.8 238.6 225.4 162.6 82.7 168.7 46.4
LAI 2.2 1.2 2.2 0.5 2.5 0.6 2.7 0.9
FPC 36.0 40.0 17.4 24.0 23.8 60.0 44.5 40.0
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Figure A.2: Simulated and observed AGB in gDMm−2 for P. pratensis (a), P. lanceolata (b), F. praten-
sis (c) and F. rubra (d) for GRASSMIND (red) and LPJmL (blue). Coloured lines and
labels show model results and RMSE, grey points show observations used for the valida-
tion. Observations are the median of samples for each date and error bars show one standard
deviation.
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Figure A.3: Simulated and observed LAI in m2m−2 for P. pratensis (a), P. lanceolata (b), F. pratensis (c)
and F. rubra (d) for GRASSMIND (red) and LPJmL (blue). Coloured lines and labels show
model results and RMSE, grey points show observations used for the validation. Observa-
tions are the median of samples for each date and error bars show one standard deviation.
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Figure A.4: Simulated and observed cover in % for P. pratensis (a), P. lanceolata (b), F. pratensis (c)
and F. rubra (d) for GRASSMIND (red) and LPJmL (blue). Coloured lines and labels show
model results and RMSE, grey points show observations used for the validation. Observa-
tions are the median of samples for each date and error bars show one standard deviation.
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Figure A.5: Share of the SE of each observation date of the sum of all SE for AGB of the species P.
pratensis (PP), P. lanceolata (PL), F. pratensis (FP) and F. rubra (FR) of the main experiment.
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Figure A.6: Share of the SE of each observation date of the sum of all SE for LAI of the species P.
pratensis (PP), P. lanceolata (PL), F. pratensis (FP) and F. rubra (FR) of the main experiment.
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Figure A.7: Share of the SE of each observation date of the sum of all SE for Cover of the species P.
pratensis (PP), P. lanceolata (PL), F. pratensis (FP) and F. rubra (FR) of the main experiment.
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Figure A.8: Share of the SE of each observation date of the sum of all SE for AGB of the species P.
pratensis (PP), P. lanceolata (PL), F. pratensis (FP) and F. rubra (FR) of the monoculture
experiment.
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A.5 Competition related processes of GRASSMIND and LPJmL

Table A.8: Overview of important processes and their descriptions in GRASSMIND and LPJmL
Process Resource Inputs/Description Equation Effect 
Crowding mortality Space/light Excess: Cover 

exceeding 1.0. 
(e.g.: Cover of 1.2 
means an Excess of 
0.2) 
 

If FPC>1.0: 
k = 1

Excess
  

else k = 1 
Reduce biomass of all PFTs to the inverse 
value of total excess cover if cover is 
larger 1 

 
Cover distribution Space/light 𝐿𝐿𝐿𝐿𝐿𝐿�������⃑ ,𝑘𝑘𝑒𝑒𝑒𝑒𝑒𝑒��������⃑  PFT 

specific leaf area 
and light extinction 
coefficients 
Examples: 
Weak Comp.: 
LAI = 0.75; 
kext = 0.2 
Strong Comp.:  
LAI = 7; 
kext = 0.8 
 

𝐹𝐹𝐹𝐹𝐶𝐶𝑖𝑖 = 𝑤𝑤 ⋅ �1 − exp�−𝑘𝑘𝑒𝑒𝑒𝑒𝑒𝑒,𝑖𝑖 ⋅ 𝐿𝐿𝐿𝐿𝐼𝐼𝑖𝑖�� 

𝑤𝑤 =  
�1 − exp�−𝑘𝑘𝑒𝑒𝑒𝑒𝑒𝑒,𝑖𝑖 ⋅ ∑𝐿𝐿𝐿𝐿𝐿𝐿�������⃑ ��

𝐹𝐹𝐹𝐹𝐶𝐶𝑠𝑠𝑠𝑠𝑠𝑠
 

𝐹𝐹𝐹𝐹𝐶𝐶𝑠𝑠𝑠𝑠𝑠𝑠 = ��1 − exp�−𝑘𝑘𝑒𝑒𝑒𝑒𝑒𝑒,𝑗𝑗 ⋅ 𝐿𝐿𝐿𝐿𝐼𝐼𝑗𝑗��
𝑗𝑗

 

Calculate cover of each PFT following a 
lambert beer law. If multiple PFTs are 
present in the stand, their cover is 
weighted using the cover it would occupy 
if it had the total stand LAI, divided by the 
sum of the covers of the other PFTs. 

 

 

 
Water uptake Water, 

Carbon 
𝛽𝛽𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟: parameter 
for PFT specific 
root distribution 
 𝐹𝐹𝐹𝐹𝐶𝐶𝑃𝑃𝑃𝑃𝑃𝑃: Foliage 
projective cover of 
the PFT 
𝐸𝐸𝑚𝑚𝑚𝑚𝑚𝑚: Maximum 
transpiration rate 
𝑤𝑤𝑙𝑙: rel. soil water 
content 
𝑆𝑆𝑃𝑃𝑃𝑃𝑃𝑃: PFT specific 
supply 
𝑧𝑧, 𝑧𝑧𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏: lower 
soil layer boundary 
measured from top 
of the soil 
 

𝐷𝐷𝑃𝑃𝑃𝑃𝑃𝑃 = (1 −𝑤𝑤𝑤𝑤𝑤𝑤) ⋅ 𝐸𝐸𝑒𝑒𝑒𝑒 ⋅
𝛼𝛼𝑚𝑚

�1 + 𝛼𝛼𝑚𝑚 ⋅ 𝑔𝑔𝑚𝑚
𝑔𝑔𝑐𝑐

�
 

𝑆𝑆𝑃𝑃𝑃𝑃𝑃𝑃 = 𝐸𝐸𝑚𝑚𝑚𝑚𝑚𝑚 ⋅ 𝑤𝑤𝑟𝑟 ⋅ 𝐹𝐹𝐹𝐹𝐶𝐶𝑃𝑃𝑃𝑃𝑃𝑃 

𝑤𝑤𝑟𝑟 = � 𝑤𝑤𝑙𝑙 ⋅ 𝑟𝑟𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑡𝑡𝑙𝑙

𝑁𝑁𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠−1

𝑙𝑙=1

 

𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑡𝑡𝑙𝑙 =  
1 − 𝛽𝛽𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑧𝑧

1 − 𝛽𝛽𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟
𝑧𝑧𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 

If  𝑆𝑆𝑃𝑃𝑃𝑃𝑃𝑃 < 𝐷𝐷𝑃𝑃𝑃𝑃𝑃𝑃: 

𝑔𝑔𝑐𝑐 =
𝑔𝑔𝑚𝑚 ⋅ 𝛼𝛼𝑚𝑚 ⋅ 𝑆𝑆𝑃𝑃𝑃𝑃𝑃𝑃

(1 −𝑤𝑤𝑤𝑤𝑤𝑤) ⋅ 𝐸𝐸𝑒𝑒𝑒𝑒 ⋅ 𝛼𝛼𝑚𝑚 − 𝑆𝑆𝑃𝑃𝑃𝑃𝑃𝑃
 

𝑔𝑔𝑐𝑐 is used to calculate new gross 
photosynthesis 
𝑔𝑔𝑐𝑐 ,𝑔𝑔𝑚𝑚𝑚𝑚𝑚𝑚: potential/actual and minimum canopy 
conductance 
𝛼𝛼𝑚𝑚: maximum Priestley-Taylor coefficient 
describing the asymptotic transpiration rate 
𝐸𝐸𝑒𝑒𝑒𝑒: Equilibrium evapotranspiration 
𝑤𝑤𝑤𝑤𝑤𝑤: Fraction of 𝐸𝐸𝑒𝑒𝑒𝑒 used to vaporize canopy 

 

 

Nitrogen uptake Nitrogen, 
Carbon 

𝑣𝑣𝑚𝑚𝑚𝑚𝑚𝑚,𝑃𝑃𝑃𝑃𝑃𝑃 
𝑘𝑘𝑁𝑁𝑚𝑚𝑚𝑚𝑚𝑚,𝑃𝑃𝑃𝑃𝑃𝑃 
𝐾𝐾𝑁𝑁𝑚𝑚𝑚𝑚𝑚𝑚,𝑃𝑃𝑃𝑃𝑃𝑃 
𝑤𝑤𝑠𝑠𝑠𝑠𝑠𝑠 
𝑧𝑧𝑙𝑙  
𝑟𝑟𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 
𝑓𝑓(𝑡𝑡𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠) 
𝑓𝑓(𝑁𝑁𝐶𝐶𝑃𝑃𝑃𝑃𝑃𝑃) 
𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑡𝑡𝑙𝑙  
𝑘𝑘𝑛𝑛𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 

 

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢,𝑃𝑃𝑃𝑃𝑃𝑃 = � min� 2 ⋅ 𝑣𝑣𝑚𝑚𝑚𝑚𝑚𝑚,𝑃𝑃𝑃𝑃𝑃𝑃

𝑁𝑁𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

𝑙𝑙=1

⋅ �𝑘𝑘𝑁𝑁𝑚𝑚𝑚𝑚𝑚𝑚,𝑃𝑃𝑃𝑃𝑃𝑃

+
𝑁𝑁𝑡𝑡𝑡𝑡𝑡𝑡

𝑁𝑁𝑡𝑡𝑡𝑡𝑡𝑡 + 𝐾𝐾𝑁𝑁𝑚𝑚𝑚𝑚𝑚𝑚,𝑃𝑃𝑃𝑃𝑃𝑃 ⋅ 𝑤𝑤𝑠𝑠𝑠𝑠𝑠𝑠 ⋅
𝑧𝑧𝑙𝑙

1000
�

⋅ 𝑓𝑓(𝑡𝑡𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠) ⋅ 𝑓𝑓(𝑁𝑁𝐶𝐶𝑃𝑃𝑃𝑃𝑃𝑃) ⋅ (𝐶𝐶𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟,𝑃𝑃𝑃𝑃𝑃𝑃

+  𝐶𝐶𝑖𝑖𝑖𝑖𝑖𝑖 ⋅ 𝑟𝑟𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎) ⋅  𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑙𝑙 ,𝑁𝑁𝑡𝑡𝑡𝑡𝑡𝑡�  

𝑎𝑎𝑎𝑎𝑎𝑎𝑁𝑁𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢,𝑃𝑃𝑃𝑃𝑃𝑃
= min�𝑝𝑝𝑝𝑝𝑝𝑝𝑁𝑁𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢,𝑃𝑃𝑃𝑃𝑃𝑃 ,𝑁𝑁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑,𝑡𝑡𝑡𝑡𝑡𝑡,𝑃𝑃𝑃𝑃𝑃𝑃 − 𝑁𝑁𝑃𝑃𝑃𝑃𝑃𝑃� 
𝑁𝑁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑,𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙,𝑃𝑃𝑃𝑃𝑃𝑃

= 𝑝𝑝 ⋅  0.02314815 ⋅
𝑣𝑣𝑚𝑚𝑚𝑚𝑚𝑚

ℎ𝑑𝑑𝑑𝑑𝑑𝑑
⋅ exp �−𝑘𝑘𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 ⋅ (𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 − 25)�
⋅ 𝑓𝑓(𝐿𝐿𝐿𝐿𝐿𝐿) + 𝑁𝑁𝐶𝐶𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙,𝑙𝑙𝑙𝑙𝑙𝑙 ⋅ 𝐶𝐶𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 

𝑁𝑁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑,𝑡𝑡𝑡𝑡𝑡𝑡,𝑃𝑃𝑃𝑃𝑃𝑃 = 𝑁𝑁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑,𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙,𝑃𝑃𝑃𝑃𝑃𝑃 + 𝐶𝐶𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 
If 𝑁𝑁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑,𝑡𝑡𝑡𝑡𝑡𝑡, 𝑃𝑃𝑃𝑃𝑃𝑃

1+𝑘𝑘𝑛𝑛𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
>𝑁𝑁𝑃𝑃𝑃𝑃𝑃𝑃

 𝑁𝑁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑,𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙,𝑃𝑃𝑃𝑃𝑃𝑃 is 

adjusted and N limited 𝑣𝑣𝑚𝑚𝑚𝑚𝑚𝑚 is calculated and used for 
update gross photosynthesis. 
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Appendix A

Table A.8: Overview of important processes and their descriptions in GRASSMIND and LPJmL (con-
tinued)

Process Resource Inputs/ 
Description 

Equation Effect 

Crowding 
mortality 

Space 1. Calculation of coverage CC 
Inputs are CA being the circular 
ground area of a plant (width of 
circle dependent on plant height H 
and species parameter hw). 
Overlapping is allowed by the 
species parameter foi 
(no distinction between live and 
dead leaves) 
 
 
 
 
 
 
 
 
 
 
 
2. If too crowded (CC > 1, i.e. CC-1 
< 1), then randomly selected 
plants die (Ncrowd) 

1. Calculation of coverage 

𝐶𝐶𝐶𝐶 =  �
𝐶𝐶𝐴𝐴𝑖𝑖(𝐻𝐻)

𝐴𝐴 ⋅ 𝑓𝑓𝑜𝑜𝑖𝑖

𝑁𝑁

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑖𝑖=1

 

 
CC .. total cover on plot 
CA .. plant’s circular ground area (m²) 
H .. plant height (m) 
 
hw .. constant species parameter  
fo .. constant species parameter 
A .. constant plot area (1 m x 1 m) 
 
 
 
 
 
 
 
 
2. If CC-1 < 1 
 
𝑁𝑁𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐  = 𝑁𝑁 ⋅ (1 − 𝐶𝐶𝐶𝐶−1) 
 
Ncrowd .. dying plants due to crowding 

Example of one cohort of plants of same 
height

 
hw=1.5, fo=1  
(the smaller hw, the larger CC) 
(the smaller fo, the smaller CC) 
 

 
The less plants on the plot, the lower the 
number of dying plants due to crowding 

Light 
competition 

Light 1. Calculation of light climate 
 
Aboveground canopy is discretized 
in several layers of width Δℎ (m). 
Leaf area of plants 𝑳𝑳�𝒊𝒊 is 
distributed among respective 
height layer (dependent on plant 
height H, biomass B and species 
parameter SLA).  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
2.  Limitation of light by shading  
Smaller plants receive only 
attenuated light IS (exponentially 
reduced by above cumulative leaf 
area; Beer-Lambert law) 
 
Asymmetric competition: larger 
plants receive more light than 
smaller ones 

1. Light climate 
 
LAI .. plot-level leaf area index (m²/m²) of a specific height 
layer 
 

𝐿𝐿𝐿𝐿𝐿𝐿𝑖𝑖 =
1
𝐴𝐴 ⋅ � 𝑘𝑘𝑖𝑖 ⋅ 𝐿𝐿�𝑖𝑖

𝑝𝑝𝑝𝑝𝑝𝑝𝑛𝑛𝑛𝑛𝑛𝑛 𝑖𝑖

 

 
𝐿𝐿�𝑖𝑖 .. leaf area of a plant in a specific height layer 
k .. constant species parameter  
 

𝐿𝐿�𝑖𝑖 = �
𝐵𝐵⋅𝑆𝑆𝑆𝑆𝑆𝑆
𝐻𝐻

⋅ Δℎ , 0 ≤ 𝑖𝑖 ≤ 𝐻𝐻
0 , 𝑖𝑖 > 𝐻𝐻

  

B .. plant shoot biomass (g) 
SLA .. specific leaf area (m²/g) 
H .. plant height (m) 
   

𝐵𝐵 =
𝜋𝜋
4 ⋅ 𝐻𝐻

3 ⋅
𝑓𝑓𝑠𝑠
ℎ𝑤𝑤 

 
hw .. constant species parameter 
fs .. constant species parameter 
 
 
 
 
2. Shading 
 

𝐼𝐼𝑆𝑆 = 𝐼𝐼0 ⋅ 𝑒𝑒
−�∑ �1

9
�⋅𝐿𝐿𝐿𝐿𝐼𝐼𝑖𝑖𝑖𝑖>𝐻𝐻 �  

 
IS .. attenuated light a plant (of height H) receives  
I0 .. light on top of the canopy 
 
 

 

 
 

Water 
competition 

Soil 
water 

Limitation of GPP and 
transpiration (= water uptake) 
due to 
 
1. soil water content  
If soil water content falls between 
permanent wilting point and 
minimal soil water content, 
limitation happens linearly. Below 
the PWP, reduction is zero. No 
direct interaction between plants. 
But, plants with deeper roots 
(dependent on root biomass and 
species parameter r1,r2) have 
more chance of larger soil water 
content. 

1. Limited soil water 
 

𝑅𝑅𝑊𝑊 =  

⎩
⎪
⎨

⎪
⎧ 0 ,𝜃𝜃𝑊𝑊

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 < 𝜃𝜃𝑃𝑃𝑃𝑃𝑃𝑃
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

𝜃𝜃𝑊𝑊
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝−𝜃𝜃𝑃𝑃𝑃𝑃𝑃𝑃

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

𝜃𝜃𝑀𝑀𝑀𝑀𝑀𝑀−𝜃𝜃𝑃𝑃𝑃𝑃𝑃𝑃
,𝜃𝜃𝑃𝑃𝑃𝑃𝑃𝑃

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 ≤ 𝜃𝜃𝑊𝑊
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 ≤ 𝜃𝜃𝑀𝑀𝑀𝑀𝑀𝑀

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

1 ,𝜃𝜃𝑀𝑀𝑀𝑀𝑀𝑀
𝑝𝑝𝑝𝑝𝑝𝑝𝑛𝑛𝑛𝑛 ≤ 𝜃𝜃𝑊𝑊

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝  

  

 
RW … reduction of plants (factor between 0 and 1) 
𝜃𝜃𝑃𝑃𝑃𝑃𝑃𝑃
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝  .. permanent wilting point (of plant-specific rooted 

soil layers, mm) 
𝜃𝜃𝑊𝑊
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝  .. soil water content (of plant-specific rooted soil 

layers, mm) 
𝜃𝜃𝑀𝑀𝑀𝑀𝑀𝑀
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝  .. minimal soil water content for reduction (40% 

between PWP and field capacity, dependent on plant-
specific rooted layers, mm) 

 

 
 

xx



Appendix A

Table A.8: Overview of important processes and their descriptions in GRASSMIND and LPJmL (con-
tinued)

 
Gross productivity (GPP) and soil 
water uptake of plants is reduced 
by RW. 
 
 
 
 
 
 
 
 
2. Interception 
 
If the sum of interception and 
transpiration exceeds potential 
evapotranspiration, both – GPP 
and soil water uptake is reduced 
proportionally.  
 
 
 
3. Wilting point 
 
If the sum of soil water uptake by 
all plants would let soil water 
content fall below PWP in the 
entire soil, GPP and soil water 
uptake is reduced proportionally.  

 

𝜃𝜃𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 =
𝐺𝐺𝐺𝐺𝐺𝐺 ⋅ 𝑅𝑅𝑊𝑊
𝑊𝑊𝑊𝑊𝑊𝑊  

 
𝜃𝜃𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 .. soil water uptake of a plant (equals transpiration; 
mm/d)  
GPP .. plant gross productivity (g/m²/d) 
WUE .. constant species parameter (water use efficiency, 
g/kgH20) 
 
2. Interception 
 
𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃 = 𝑃𝑃𝑃𝑃𝑃𝑃 − 𝑅𝑅𝑅𝑅

� 𝜃𝜃𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

  

 
PET .. potential evapotranspiration (mm/d) 
RI .. interception of rainfall by plants (mm/d) 
 
 
 
3. Wilting point 
 

𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃 =  𝜃𝜃𝑊𝑊
𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠− 𝜃𝜃𝑃𝑃𝑃𝑃𝑃𝑃

𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

� 𝜃𝜃𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

  

 
𝜃𝜃𝑃𝑃𝑃𝑃𝑃𝑃
𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠  .. permanent wilting point (of entire soil down to 2 m 

depth, mm) 
𝜃𝜃𝑊𝑊𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠  .. soil water content (of entire soil, mm) 
 

 

 

Nitrogen 
competition 

Soil 
nitrogen 

1. Nitrogen demand based on 
NPP 
 
Nitrogen demand of a plant is 
calculated based on the potential 
net productivity (NPPpot, possibly 
already reduced due to shading or 
soil water). 
Dependent on species parameter 
(allocation rates to shoot, root 
and seed production), and species-
specific green and brown CN-
ratios. 
 
 
 
2. Nitrogen access based on 
rooting depth and root branch 
lengths  
 
 
Rooting depth and root branch 
length is calculated based on root 
biomass (proportional to shoot 
biomass; constant species 
parameter) and three constant 
species parameter (r1,r2,SRL) 
 
Root branch lengths are therefore 
distributed among rooted soil 
layers and related to the total sum 
of all root branches of all plants in 
that layer (normalization).  
 
 
3. Nitrogen limitation 
 
The ratio between accessible and 
demanded nitrogen is used to 
reduce NPPpot and nitrogen uptake 
proportionally. 

1. Nitrogen demand 
 

𝑁𝑁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 = 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑐𝑐𝑠𝑠ℎ𝑜𝑜𝑜𝑜𝑜𝑜 ⋅
𝑓𝑓𝐶𝐶 ⋅ 𝑁𝑁𝑁𝑁𝑃𝑃𝑝𝑝𝑝𝑝𝑝𝑝
𝐶𝐶𝑁𝑁𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔

+ �𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑐𝑐𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 + 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑐𝑐𝑟𝑟𝑟𝑟𝑟𝑟� ⋅
𝑓𝑓𝐶𝐶 ⋅ 𝑁𝑁𝑁𝑁𝑃𝑃𝑝𝑝𝑝𝑝𝑝𝑝
𝐶𝐶𝑁𝑁𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏

 

 
fc .. biomass-carbon conversion factor 0.43 
alloc .. allocation fraction of NPP to shoot, root or 
reproduction 
NPPpot .. potential net productivity 
CNgreen .. CN ratio of green leaves 
CNbrown .. CN ratio of brown leaves/root branches/seed 
 
 
2. Nitrogen access 
 
𝑁𝑁𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 =  ∑ 𝐹𝐹𝑗𝑗 ⋅ 𝑁𝑁𝑗𝑗𝑗𝑗<𝑠𝑠𝑚𝑚𝑚𝑚𝑚𝑚    
 

𝐹𝐹𝑗𝑗 =
�𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙ℎ𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑠𝑠𝑚𝑚𝑚𝑚𝑚𝑚

�

�∑ �𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙ℎ𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 
𝑠𝑠𝑚𝑚𝑚𝑚𝑚𝑚

�𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝  
𝑤𝑤𝑤𝑤𝑤𝑤ℎ 𝑗𝑗<𝑠𝑠𝑚𝑚𝑚𝑚𝑚𝑚

�

  

 
 
Naccess .. amount of nitrogen that can be accessed in soil 
layers until rooting depth (smax) 
Fj .. percentage of root branch lengths of the plant in 
relation to total root branch length 
Nj .. amount of soil nitrogen in a specific soil layer (g/m²) 
 
 
 
3. Nitrogen limitation 
 

𝑅𝑅𝑁𝑁 = min �1, 𝑁𝑁𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎
𝑁𝑁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑

�  

 
 

 
The more is allocated to the aboveground 
shoot, the more nitrogen is demanded (solid 
lines: blue > black). The smaller CN (esp. 
green) the more nitrogen is demanded 
(dashed lines > solid lines) 
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A.6 Additional Figures Baseline Mow and NoMow
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Figure A.9: Mean GPP in gCm−2 (lines ± 1 standard deviation shaded) for Baseline Mow for GRASS-
MIND (red) and LPJmL (blue) averaged over all simulation years for each day of the year
for monocultures (a,b,c,d) and two-species mixtures (e,f,g,h,i,j). For mixtures specie spe-
cific (top) and total GPP (bottom) are shown separately. Horizontal lines show the time
series mean.
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Figure A.10: Mean NPP in gCm−2 (lines ± 1 standard deviation shaded) for Baseline Mow for
GRASSMIND (red) and LPJmL (blue) averaged over all simulation years for each day
of the year for monocultures (a,b,c,d) and two-species mixtures (e,f,g,h,i,j). For mixtures
specie specific (top) and total NPP (bottom) are shown separately. Horizontal lines show
the time series mean.
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Figure A.11: Mean LAI in m2m−2 (lines ± 1 standard deviation shaded) for Baseline Mow for
GRASSMIND (red) and LPJmL (blue) averaged over all simulation years for each day
of the year for monocultures (a,b,c,d) and two-species mixtures (e,f,g,h,i,j). For mixtures
specie specific (top) and total LAI (bottom) are shown separately. Horizontal lines show
the time series mean.
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Figure A.12: Mean Cover in m2m−2 (lines ± 1 standard deviation shaded) for Baseline Mow for
GRASSMIND (red) and LPJmL (blue) averaged over all simulation years for each day
of the year for monocultures (a,b,c,d) and two-species mixtures (e,f,g,h,i,j). For mixtures
specie specific (top) and total Cover (bottom) are shown separately. Horizontal lines show
the time series mean.
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Figure A.13: Mean losses from mortality and litterfall in gDMm−2(lines ± 1 standard deviation
shaded) for Baseline Mow for GRASSMIND (red) and LPJmL (blue) averaged over all
simulation years for each day of the year for monocultures (a,b,c,d) and two-species mix-
tures (e,f,g,h,i,j). For mixtures specie specific (top) and total losses (bottom) are shown
separately. Horizontal lines show the time series mean.
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Figure A.14: Mean AGB in gDMm−2 (lines ± 1 standard deviation shaded) for Baseline NoMow for
GRASSMIND (red) and LPJmL (blue) averaged over all simulation years for each day
of the year for monocultures (a,b,c,d) and two-species mixtures (e,f,g,h,i,j). For mixtures
specie specific (top) and total AGB (bottom) are shown separately. Horizontal lines show
the time series mean.
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Figure A.15: Mean GPP in gCm−2 (lines ± 1 standard deviation shaded) for Baseline NoMow for
GRASSMIND (red) and LPJmL (blue) averaged over all simulation years for each day
of the year for monocultures (a,b,c,d) and two-species mixtures (e,f,g,h,i,j). For mixtures
specie specific (top) and total GPP (bottom) are shown separately. Horizontal lines show
the time series mean.
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Figure A.16: Mean NPP in gCm−2 (lines ± 1 standard deviation shaded) for Baseline NoMow for
GRASSMIND (red) and LPJmL (blue) averaged over all simulation years for each day
of the year for monocultures (a,b,c,d) and two-species mixtures (e,f,g,h,i,j). For mixtures
specie specific (top) and total NPP (bottom) are shown separately. Horizontal lines show
the time series mean.
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Figure A.17: Mean LAI in m2m−2 (lines ± 1 standard deviation shaded) for Baseline NoMow for
GRASSMIND (red) and LPJmL (blue) averaged over all simulation years for each day
of the year for monocultures (a,b,c,d) and two-species mixtures (e,f,g,h,i,j). For mixtures
specie specific (top) and total LAI (bottom) are shown separately. Horizontal lines show
the time series mean.
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Figure A.18: Mean Cover in m2m−2 (lines ± 1 standard deviation shaded) for Baseline NoMow for
GRASSMIND (red) and LPJmL (blue) averaged over all simulation years for each day
of the year for monocultures (a,b,c,d) and two-species mixtures (e,f,g,h,i,j). For mixtures
specie specific (top) and total Cover (bottom) are shown separately. Horizontal lines show
the time series mean.
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Figure A.19: Mean losses from mortality and litterfall in gDMm−2(lines ± 1 standard deviation
shaded) for Baseline NoMow for GRASSMIND (red) and LPJmL (blue) averaged over
all simulation years for each day of the year for monocultures (a,b,c,d) and two-species
mixtures (e,f,g,h,i,j). For mixtures specie specific (top) and total losses (bottom) are shown
separately. Horizontal lines show the time series mean.
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Figure A.20: AGB in gDMm−2 for ModD Mow for GRASSMIND (red) and LPJmL (blue) for the
year with reduced precipitation (2003) for monocultures (a,b,c,d) and two-species mix-
tures (e,f,g,h,i,j). For mixtures specie specific (top) and total AGB (bottom) are shown
separately. Horizontal lines show the annual mean.
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Figure A.21: AGB in gDMm−2 for ExtrD Mow for GRASSMIND (red) and LPJmL (blue) for the
year with reduced precipitation (2003) for monocultures (a,b,c,d) and two-species mix-
tures (e,f,g,h,i,j). For mixtures specie specific (top) and total AGB (bottom) are shown
separately. Horizontal lines show the annual mean.
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Figure A.22: AGB in gDMm−2 for ModD NoMow for GRASSMIND (red) and LPJmL (blue) for the
year with reduced precipitation (2003) for monocultures (a,b,c,d) and two-species mix-
tures (e,f,g,h,i,j). For mixtures specie specific (top) and total AGB (bottom) are shown
separately. Horizontal lines show the annual mean.
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Figure A.23: AGB in gDMm−2 for ExtrD NoMow for GRASSMIND (red) and LPJmL (blue) for the
year with reduced precipitation (2003) for monocultures (a,b,c,d) and two-species mix-
tures (e,f,g,h,i,j). For mixtures specie specific (top) and total AGB (bottom) are shown
separately. Horizontal lines show the annual mean.
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Figure A.24: Losses in gDMm−2 for Baseline Mow for GRASSMIND (red) and LPJmL (blue) for the
year with reduced precipitation (2003) for monocultures (a,b,c,d) and two-species mix-
tures (e,f,g,h,i,j). For mixtures specie specific (top) and total losses (bottom) are shown
separately. Horizontal lines show the annual mean.
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Figure A.25: Losses in gDMm−2 for ModD Mow for GRASSMIND (red) and LPJmL (blue) for the
year with reduced precipitation (2003) for monocultures (a,b,c,d) and two-species mix-
tures (e,f,g,h,i,j). For mixtures specie specific (top) and total losses (bottom) are shown
separately. Horizontal lines show the annual mean.
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Figure A.26: Losses in gDMm−2 for ExtrD Mow for GRASSMIND (red) and LPJmL (blue) for the
year with reduced precipitation (2003) for monocultures (a,b,c,d) and two-species mix-
tures (e,f,g,h,i,j). For mixtures specie specific (top) and total losses (bottom) are shown
separately. Horizontal lines show the annual mean.
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A.7 Additional Figures ModD Mow and ExtrD Mow
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Figure A.27: Simulated fractional soil water content at the Jena Experiment site (a), relative changes
of soil water content in m3m−3 (b), absolute changes of soil water content in m3m−3 as
well as daily precipitation in mm with reduction for ModD (light grey) and ExtrD (light
and dark grey) (c), absolute changes in AGB (d) in gDMm−2 and relative changes in water
uptake (e) mmmm−1 caused by the moderate (dotted) and extreme (dashed) droughts for
LPJmL (blue) and GRASSMIND (red). Simulation results of mixture of P. pratensis and
P. lanceolata from LPJmL using observed weather data (a) and average climate (b-e).
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Figure A.28: Simulated fractional soil water content at the Jena Experiment site (a), relative changes
of soil water content in m3m−3 (b), absolute changes of soil water content in m3m−3 as
well as daily precipitation in mm with reduction for ModD (light grey) and ExtrD (light
and dark grey) (c), absolute changes in AGB (d) in gDMm−2 and relative changes in water
uptake (e) mmmm−1 caused by the moderate (dotted) and extreme (dashed) droughts for
LPJmL (blue) and GRASSMIND (red). Simulation results of mixture of P. pratensis and
F. rubra from LPJmL using observed weather data (a) and average climate (b-e).
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Figure A.29: Simulated fractional soil water content at the Jena Experiment site (a), relative changes
of soil water content in m3m−3 (b), absolute changes of soil water content in m3m−3 as
well as daily precipitation in mm with reduction for ModD (light grey) and ExtrD (light
and dark grey) (c), absolute changes in AGB (d) in gDMm−2 and relative changes in water
uptake (e) mmmm−1 caused by the moderate (dotted) and extreme (dashed) droughts for
LPJmL (blue) and GRASSMIND (red). Simulation results of mixture of P. lanceolata and
F. pratensis from LPJmL using observed weather data (a) and average climate (b-e).
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Figure A.30: Simulated fractional soil water content at the Jena Experiment site (a), relative changes
of soil water content in m3m−3 (b), absolute changes of soil water content in m3m−3 as
well as daily precipitation in mm with reduction for ModD (light grey) and ExtrD (light
and dark grey) (c), absolute changes in AGB (d) in gDMm−2 and relative changes in water
uptake (e) mmmm−1 caused by the moderate (dotted) and extreme (dashed) droughts for
LPJmL (blue) and GRASSMIND (red). Simulation results of mixture of P. lanceolata and
F: rubra from LPJmL using observed weather data (a) and average climate (b-e).
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Figure A.31: Simulated fractional soil water content at the Jena Experiment site (a), relative changes
of soil water content in m3m−3 (b), absolute changes of soil water content in m3m−3 as
well as daily precipitation in mm with reduction for ModD (light grey) and ExtrD (light
and dark grey) (c), absolute changes in AGB (d) in gDMm−2 and relative changes in water
uptake (e) mmmm−1 caused by the moderate (dotted) and extreme (dashed) droughts for
LPJmL (blue) and GRASSMIND (red). Simulation results of mixture of F. pratensis and
F. rubra from LPJmL using observed weather data (a) and average climate (b-e).
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A.8 Additional Figures Baseline , ModD and ExtrD Mow and

NoMow
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Figure A.32: Mean (µ) AGB in gDMm−2(coloured lines ± 1 standard deviation) for GRASSMIND
(red) and LPJmL (blue) for the sum of the two-species mixture of P. pratensis and P. lance-
olata (a). Coloured ribbons show µ± σ. Horizontal lines show overall mean for Base-
line Mow (dot-dashed) and Baseline NoMow (solid). Difference between Baseline Mow
and ModD Mow (dot-dashed) and ModD NoMow (solid, b) and ExtrD Mow (dot-dashed)
and ExtrD NoMow (solid, c) between April and October of the drought year.
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Figure A.33: Mean (µ) AGB in gDMm−2(coloured lines ± 1 standard deviation) for GRASSMIND
(red) and LPJmL (blue) for the sum of the two-species mixture of P. pratensis and F.
rubra (a). Coloured ribbons show µ± σ. Horizontal lines show overall mean for Base-
line Mow (dot-dashed) and Baseline NoMow (solid). Difference between Baseline Mow
and ModD Mow (dot-dashed) and ModD NoMow (solid, b) and ExtrD Mow (dot-dashed)
and ExtrD NoMow (solid, c) between April and October of the drought year.
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Figure A.34: Mean (µ) AGB in gDMm−2(coloured lines ± 1 standard deviation) for GRASSMIND
(red) and LPJmL (blue) for the sum of the two-species mixture of P. lanceolata and F.
pratensis (a). Coloured ribbons show µ± σ. Horizontal lines show overall mean for Base-
line Mow (dot-dashed) and Baseline NoMow (solid). Difference between Baseline Mow
and ModD Mow (dot-dashed) and ModD NoMow (solid, b) and ExtrD Mow (dot-dashed)
and ExtrD NoMow (solid, c) between April and October of the drought year.
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Figure A.35: Mean (µ) AGB in gDMm−2(coloured lines ± 1 standard deviation) for GRASSMIND
(red) and LPJmL (blue) for the sum of the two-species mixture of P. lanceolata and F.
rubra (a). Coloured ribbons show µ± σ. Horizontal lines show overall mean for Base-
line Mow (dot-dashed) and Baseline NoMow (solid). Difference between Baseline Mow
and ModD Mow (dot-dashed) and ModD NoMow (solid, b) and ExtrD Mow (dot-dashed)
and ExtrD NoMow (solid, c) between April and October of the drought year.
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Figure A.36: Mean (µ) AGB in gDMm−2(coloured lines ± 1 standard deviation) for GRASSMIND
(red) and LPJmL (blue) for the sum of the two-species mixture of F. pratensis and F.
rubra (a). Coloured ribbons show µ± σ. Horizontal lines show overall mean for Base-
line Mow (dot-dashed) and Baseline NoMow (solid). Difference between Baseline Mow
and ModD Mow (dot-dashed) and ModD NoMow (solid, b) and ExtrD Mow (dot-dashed)
and ExtrD NoMow (solid, c) between April and October of the drought year.
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Appendix B
Appendix B contains the supplementary information for Chapter 3 Connecting competitor, stress-tolerator

and ruderal (CSR) theory and Lund Potsdam Jena managed Land 5 (LPJmL 5) to assess the role of en-

vironmental conditions, management and functional diversity for grassland ecosystem functions.

B.1 Model description

We provided a qualitative description of the new model development in the main text (Sect. 3.2.3), for

which we supplement the underlying equations and additional minor developments here.

Water uptake

To make resource uptake of different resources dependent on different plant traits, we adapted the water

uptake routine of the LPJmL model. Available soil water is now distributed between PFTs dependent

on their root carbon (Croot,PFT) and a PFT-specific parameter (kroot,PFT), which is used as a substitute for

information on root functional traits (e.g. branching of the root network, amount of fine roots, number

of root tips). These traits cannot directly be incorporated, because either the simplified representation

of belowground plant organs hinders their representation or data are not sufficiently available.

froot,PFT = wPFT · (1− exp(−kroot,PFT · Croot,PFT)) (B.1)

Equations (B.1)–(B.3) describe an exponential function which follows the approach used for the cal-

culation of the foliage projective cover (FPC; see Schaphoff et al., 2018), which was used to distribute

water between PFTs in previous model versions.

wPFT =

(
1− exp(−kroot,PFT ·

Number of PFTs∑
i

Croot,i)

)
· f−1

root,sum (B.2)

Each PFT’s access to plant-available soil water (froot,PFT) is weighted using Eq. (B.2). Here wPFT is

calculated as the fraction of the respective PFT’s potential access to the plant-available soil water if the

entire community root carbon would belong to it and the sum of all PFTs’ access to plant-available soil

water if now weighting would be applied (Eq. B.3).

froot,sum =
Number of PFTs∑

i

1− exp(−kroot,i · Croot,i) (B.3)
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Figure B.1: Linear regression of log SLA and log LL using trait data for herbaceous species from the
TRY database.

B.1.1 The leaf economic spectrum

To incorporate the trade-offs associated with the LES, we implemented a power law relationship be-

tween SLA and leaf longevity (LL) described by Eq. (B.4)

LL = a · SLAb · 12−1, (B.4)

where a = 36.3753 and b = −0.85384. Parameters a and b were derived from a regression (Fig. B.1)

using trait data for SLA and LL retrieved from the TRY database (Boenisch and Kattge, 2018; Kattge

et al., 2011). A detailed listing of the data sets used is provided in Table B.1 in the Supplement.

The leaf turnover rate is calculated as the inverse of the leaf longevity (τleaf = 1/LL) and is linearly

related to root turnover (τroot = k · τleaf with k = 2) assuming that the LES and the conservation

gradient (Bergmann et al., 2020) of the root economic space are aligned (Weigelt et al., 2021). Plant

biomass is transferred to the litter pools each day only if one of two conditions is met: under grazing, we

assume that, depending on the stocking density, leaf tissue is grazed before it becomes senescent, and

we define a threshold (ξleaf = 5 gC m−2) for leaf biomass below which no senescent tissue for turnover

is available; for mowing, we assume that senescent leaf biomass has to build up again after a mowing

event, and we define a threshold for the leaf-to-root mass ratio (ξlmtorm = 0.7 · lmtormopt) beyond which

senescent tissue is built up again.
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B.1.2 Reproduction and mortality

To improve the representation of different reproduction strategies and lifecycles, we adapted the estab-

lishment and mortality routine of the model. Both establishment and mortality are executed daily. In

the new establishment routine, the number of average individuals (nind) and the carbon (Cind,pool) and

nitrogen (Nind,pool) pools of the leaves and roots for the average individuals are increased following

Eqs. (B.5)–(B.7).

∆nind,PFT = kest,PFT · 365−2 · (1− exp(−5 · (1− FPCsum))) · (1− FPCsum)·(
kest,PFT ·

(
Number of PFTs∑

i

kest,i

)−1)
,

(B.5)

∆Cind,PFT = (Cseedling,leaf,PFT + Cseedling,root,PFT) ·∆nind,PFT, (B.6)

∆Nind,PFT = ∆Cind,PFT · NCratio,leaf,PFT. (B.7)

Here, kest is the PFT-specific establishment rate, FPCsum =
∑Number of PFTs

i FPCi is the sum of the FPC

of all PFTs, Cseedling,pool is the PFT-specific leaf and root pool size of a seedling and NCratio,leaf,PFT is the

PFT-specific nitrogen-to-carbon ratio. The new individual properties are calculated following Eqs. (B.8)

and (B.9).

Cind,pool,PFT = (Cind,pool,PFT · nind,PFT + Cseedling,pool,PFT ·∆nind,PFT) · (nind,PFT ·∆nind,PFT)
−1, (B.8)

Nind,pool,PFT = (Nind,pool,PFT · nind,PFT + Cseedling,pool,PFT · NCratio,pool,PFT ·∆nind,PFT)·

(nind,PFT ·∆nind,PFT)
−1.

(B.9)

Mortality was implemented as an age mortality using the concept of growth efficiencies (Waring, 1983;

Waring and Schlesinger, 1985) using Eq. (B.10)

mortPFT = mortmax,PFT · 365−1 · (1 + kmort ·∆bm · C−1
ind,leaf,PFT · SLA−1

PFT)
−1, (B.10)

with

∆bm = Cinc,PFT · n−1
ind,PFT − Cturn,PFT, (B.11)

where Cturn,PFT is the amount of carbon that was transferred to the litter pool since the last allocation, and

Cinc,PFT is the biomass increment from photosynthesis since the last allocation. The growth efficiency

∆bm ·C−1
ind,leaf,PFT is the ratio of the net carbon change and the carbon stock of the leaves, which is lower

for old plants. The SLA influences the maximum age of the different strategies assuming that plants

with a low SLA and faster metabolism reach a lower age compared to high SLA plants. The number of
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average individuals is decreased following Eq. (B.12).

nind,PFT = nind,PFT · (1− mortPFT) (B.12)

In grasslands with a high growth efficiency and frequent defoliation, establishment may lead to a con-

tinuous increase of the number of average individuals. To avoid numerical errors that could results from

this, we prohibit the number of average individuals to exceed 250 Ind.m−2.

B.1.3 Biological nitrogen fixation

Symbiotic biological nitrogen fixation (BNF) is an important source, especially in unfertilised grassland

systems. We implemented an approach adapted from published models of grain legumes (e.g. LPJ-

GUESS, CROPGRO, EPIC, APSIM; see Liu et al., 2011; Ma et al., 2022), which considers the potential

N fixation rate (Nfix,pot), the soil temperature (fT ) and the soil water (fW) status. The consideration of

the growth stage had to be omitted, because LPJmL represents herbaceous vegetation using only leaves

and roots, not allowing for a determination of growth stages. The nitrogen fixation rate Nfix is calculated

using Eq. (B.13).

Nfix = Nfix,pot · fT · fW, (B.13)

with Nfix,pot = 0.1 gNm−2 d−1 (Yu and Zhuang, 2020). The soil temperature limitation is modelled

linearly outside the optimal temperature range (Eq. B.14):

fT =



0, if Tsoil < Tmin or Tsoil > Tmax

Tsoil−Tmin
Topt,low−Tmin

, if Tmin ≤ Tsoil ¡Topt,low

1, if Topt,low ≤ Tsoil ≤ Topt,high

Tmax−Tsoil
Tmax−Topt,high

, if Topt,high ¡Tsoil ≤ Tmax

(B.14)

with Tmin = 0.5, Top,low = 18.0, Topt,high = 35.0 and Tmax = 45.0 (Yu and Zhuang, 2020). The soil

water limitation is linearly dependent on the relative soil water content (SWC) (Eq. B.15):

fW =


0, if SWC ≤ SWCmin

φ1 + SWC · φ2, if SWClow ¡ SWC ¡ SWChigh

1, if SWC ≥ SWChigh

(B.15)

with SWClow = 0, SWChigh = 0.5, φ1 = 0 and φ2 = 2.0 (Yu and Zhuang, 2020). BNF only happens

if the nitrogen uptake from other sources is insufficient and the net primary productivity (NPP) is larger
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than zero. The costs of BNF are set at a moderate constant value of 6 gC gN−1 (Boote et al., 2009;

Kaschuk et al., 2009; Patterson and Larue, 1983; Ryle et al., 1979). If the costs exceed the maximum

costs which are set at 50 % of the NPP (Kull, 2002), the nitrogen fixation is reduced to the amount

achievable with the maximum costs. A full description of the original approach is provided in Ma et al.

(2022). While in reality biological nitrogen fixation is a feature restricted to legume species, in LPJmL

we decided to not distinguish between fixing and non-fixing PFTs to keep the number of PFTs as small

as possible. This is reasonable because a PFT can be representative of multiple species and will only fix

additional nitrogen if its demand cannot be fulfilled by other sources of nitrogen uptake and if its NPP

is sufficient. One could say that the PFT has the ability to fix nitrogen only if needed comparable to a

community containing legumes only if they are advantageous.

B.1.4 Feed demand

We implemented a relationship between metabolic body weight (MBW) and feed demand following

(Cordova et al., 1978). This is the same relationship used to calculate the feed demand in LPJmL

5, but we replaced the constant 650 kg per animal with a parameter BW (Eq. B.16) while preserving

intakeMBW = 31.07 (Rolinski et al., 2018).

feed demand = BW0.75 · intakeMBW. (B.16)

B.2 MSE components

We calculated the mean square error and it components (the bias, phase and variances) following

Eqs. (B.17) to (B.20). Parameters x and y are the time series of simulated and observed values of a

variable; x and y are the time series mean, σx; y is the time series standard deviation; and N is the

number of values in the time series.

MSE = (x− y)2, (B.17)

MSEBias = (x− y)2, (B.18)

MSEPhase = 2 ·
(
N − 1

N

)
· σx · σy · (1− corr(x, y))2 , (B.19)

MSEVariance =

((
N − 1

N

)
· (σx − σy)

)2

. (B.20)

B.3 Additional figures
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Figure B.2: Location (points) of the three grassland sites and their mean annual temperature and precip-
itation (squares). Lines show one standard deviation.
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Figure B.3: Dry matter yields in gDMm−2 for the unfertilized (a) and fertilised (b) scenario for LPJmL
5.3 (black), the maximum a posteriori (MAP blue) and observations (grey) at the temperate
grassland (left). Error bars are one standard deviation. MSE and its components bias (grey),
phase (yellow) and variance (blue) for LPJmL 5.3 and the MAP.
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Figure B.4: Soil organic carbon in tCha−1 for the unfertilized (a) and fertilised (b) scenario for LPJmL
5.3 (black), the maximum a posteriori (MAP blue) and observations (grey) at the temperate
grassland (left). Error bars are one standard deviation. MSE and its components bias (grey),
phase (yellow) and variance (blue) for LPJmL 5.3 and the MAP.
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Figure B.5: Leaf biomass in gDMm−2 for the ungrazed (a) and grazed (b) scenario for LPJmL 5.3
(black), the maximum a posteriori (MAP blue) and observations (grey) at the hot steppe
(left). Error bars are one standard deviation. MSE and its components bias (grey), phase
(yellow) and variance (blue) for LPJmL 5.3 and the MAP.
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Figure B.6: Soil organic carbon in tCha−1 for the ungrazed (a) and grazed (b) scenario for LPJmL 5.3
(black), the maximum a posteriori (MAP blue) and observations (grey) at the hot steppe
(left). Error bars are one standard deviation. MSE and its components bias (grey), phase
(yellow) and variance (blue) for LPJmL 5.3 and the MAP.
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Figure B.7: Grazing offtake in gDMm−2 for the extensively (a) and intensively (b) grazed scenario for
LPJmL 5.3 (black), the maximum a posteriori (MAP blue) and observations (grey) at the
cold steppe (left). Error bars are one standard deviation. MSE and its components bias
(grey), phase (yellow) and variance (blue) for LPJmL 5.3 and the MAP.
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Figure B.8: Soil organic carbon in tCha−1 for the extensively (a) and intensively (b) grazed scenario
for LPJmL 5.3 (black), the maximum a posteriori (MAP blue) and observations (grey) at
the cold steppe (left). Error bars are one standard deviation. MSE and its components bias
(grey), phase (yellow) and variance (blue) for LPJmL 5.3 and the MAP.
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Figure B.9: PFT fractions (colours) of dry matter yield for each cut for the unfertilised (a) and fertilized
(b) experiment at the temperate grassland.
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Figure B.10: PFT fractions (colours) of monthly grazing offtake for the rainfed (a) and irrigated (b)
experiment at the hot steppe.
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Figure B.11: PFT fractions (colours) of monthly grazing offtake for the extensively (a,c,e) and inten-
sively (b,d,f) grazed experiment for the rainfed (a,b), fertilized (c,d) and irrigated (e,f)
scenarios at the cold steppe.

lxiv



Appendix B

0

50

100

20
05

20
06

20
07

20
08

20
09

20
10

20
11

20
12

20
13

20
14

20
15

20
16

20
17

20
18

N0 Leaf C [gDM m−2 ](a)

0

50

100

150

200

20
05

20
06

20
07

20
08

20
09

20
10

20
11

20
12

20
13

20
14

20
15

20
16

20
17

20
18

N0 Leaf C [gDM m−2 ](b)

0.00

0.25

0.50

0.75

1.00

20
05

20
06

20
07

20
08

20
09

20
10

20
11

20
12

20
13

20
14

20
15

20
16

20
17

20
18

N0 leaf C share [−](c)

0.00

0.25

0.50

0.75

1.00

20
05

20
06

20
07

20
08

20
09

20
10

20
11

20
12

20
13

20
14

20
15

20
16

20
17

20
18

N1 leaf C share [−](d)

Figure B.12: Total (a,b) and fractional (c,d,) monthly leaf carbon for the unfertilized (a,c) and fertilized
(b,d) experiment for each PFT (colours).
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Figure B.13: Total (a,c,e,g) and fractional (b,d,f,h) monthly leaf carbon for the ungrazed (a,b,e,f) and
grazed (c,d,g,h) experiment for the rainfed (a-d) and irrigated (e-h) scenarios for each PFT
(colours).
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Figure B.14: Total (a,c,e,g,I,k) and fractional (b,d,f,h,j,l) monthly leaf carbon for the extensively (a-
f) and intensively (g-l) grazed experiment for the rainfed (a,b,g,h), fertilized (c,d,I,j) and
irrigated (e,f,k,l) scenarios for each PFT (colours).
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B.4 Additional tables

Table B.1: Overview of the SLA and leaf longevity data obtained from the TRY database.
Name TRY Dataset ID References
Abisko and Sheffield Database 1 (Cornelissen et al., 2004; Quested et al., 2003)
GLOPNET-Global Plant Trait 20 (Wright et al., 2004)
Network Database
Sheffield Database 37 (Cornelissen, 1996; Cornelissen et al., 2004; Diaz et al., 2004)
Leaf Physiology Database 67 (Kattge et al., 2009)
Global A, N, P, SLA Database 94 (Reich et al., 2009)
Tropical Traits from West Java 99 (Shiodera et al., 2008)
Database
Functional Traits Explaining 285 (Adler et al., 2014)
Variation in Plant Life History
Strategies
Plant Traits of Arabidopsis thaliana 359 (Blonder et al., 2015)

B.5 Model development

B.5.1 Phenology dependent allocation

Based on the GSI phenology (Forkel et al., 2014) we calculate the allocation of net primary productivity

to leaves and roots (LR) dependent on changes in the temperature and light functions of the phenology

(f ) as follows:

LR = LRbase · slight · scold (B.21)

with

si =


1 + fi if ∆fi > ϵi,

1 if − ϵi ≤ ∆fi ≤ ϵi,

1− fi if ∆fi < −ϵi.

(B.22)

where i ∈ {light, cold}, ∆fi = fi,t − fi,t−1, ϵlight = 0.01, and ϵcold = 0.001.

LRbase = LRPFT · 0.5 + (0.5) · min(wscal, vscal) where wscal and vscal are the water and nitrogen

limitation factors from photosynthesis (Schaphoff et al., 2018; von Bloh et al., 2018).

B.5.2 Manure application

Manure application was implemented as for the annual crops in LPJmL (Herzfeld et al., 2021). Manure

is applied with a C:N ratio of 10 and a NH4 fraction of 2/3 Manure is only applied if the mowing

management option is used and 24 g/m2 is split across 4 applications of 8, 6, 6 and 4 g/m2 on April

1st, May 31st,July 1st and August 15th. NH4, C and N from manure are added to the first soil layer

following B.23-B.25.

∆NH4 = manure · fractionNH4 (B.23)
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∆Csoil = manure · CNmanure (B.24)

∆Nsoil = manure · (1− fractionNH4) (B.25)

B.6 Input data and parameters

B.6.1 Climate data and preparation

Data on temperature, precipitation and for the cold steppe also shortwave radiation were available for

different time periods (Table B.2). For the cold steppe, data did not contain any gaps and we only had to

identify and prune leap years. This is required to obtain 365 days per year time-series which are needed

to run LPJmL. For pruning we dropped December 31st.

For the temperate grassland and the hot steppe, the data contained gaps that needed to be filled.

Additionally, they did not contain a full calendar year at the end and/or the beginning of the time-series

for which we had to extrapolate the data. We used two different procedures for the gap filling: A

spline fitting (temperature) and a sampler (precipitation). With the spline fitting we aimed to capture

the seasonality trends of the observed temperature (Fig. B.15 and B.16) but also account for day to day

variation. First, we fitted a spline to the temperature data using the smooth.spline function from the

stats-package (R Core Team, 2019). Second, to account for day to day variability we scattered the data

by a random value we drew from a uniform distribution in the interval xmin to xmax. For the different

sites, we used different percentiles of the difference between the fitted spline and the observed data for

the values for xmin and xmax (Table B.2). For the extrapolation we calculated the average for each day

of the year over the time-series for the fitted spline. The values of the respective day of the year were

then then used for the extrapolation. This data were also scattered with the same approach as for the gap

filling.

For the precipitation (Fig. B.17 and B.18) we used a sampler for gap filling and extrapolation because

the spline fitting did overestimate the number of days with precipitation. We sampled the missing values

directly from the observed data at randomly drawn percentiles. This ensures, that the gap-filled data have

a similar distribution compared to the original data.
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Figure B.15: Daily temperature at the temperate grassland. Colors show observed (black) and gap filled
or extrapolated (green) data.
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Figure B.16: Daily temperature at the hot steppe. Colors show observed (black) and gap filled or ex-
trapolated (green) data.
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Figure B.17: Daily precipitation at the temperate grassland. Colors show observed (black) and gap filled
or extrapolated (green) data.
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Figure B.18: Daily precipitation at the hot steppe. Colors show observed (black) and gap filled or ex-
trapolated (green) data.
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Table B.2: Overview of climate products used for the simulations.
Site Variable Gap-filling xmin to xmax Extrapolation xmin to xmax Source
Temperate Temperature Yes 1st-99th Yes 1st-99th (DWD, 2021)
grassland percentile percentile
Temperate Precipitation Yes - Yes - (DWD, 2021)
grassland
Temperate Radiation No - No - -
grassland
Temperate Wind No - No - -
grassland
Hot steppe Temperature No 1st-99th Yes 5th-95th (Munjonji et al., 2020)

percentile percentile
Hot steppe Precipitation No - Yes - (Munjonji et al., 2020)
Hot steppe Radiation No - No - (Lange and Büchner, 2022)
Hot steppe Wind No - No - (Lange and Büchner, 2022)
Cold steppe Temperature No - No - (Hoffmann et al. 2016,

Schönbach et al. 2012)
Cold steppe Precipitation No - No - (Hoffmann et al. 2016,

Schönbach et al. 2012)
Cold steppe Radiation No - No - -
Cold steppe Wind No - No - (Lange and Büchner, 2022)

B.6.2 Soil texture

Data on sand, silt and clay content of the soils were used to determine the texture class and hydraulic

parameters. Data for each site were available and are listed in Table B.3.

Table B.3: Sand, silt and clay content of the soils at each site.
Site Sand [%] Silt [%] Clay [%] Source
Temperate grassland 61 24.2 14.8 (Reinsch et al., 2018a; Reinsch et al., 2018b)
Hot steppe 80 12 8 (Munjonji et al., 2020)
Cold steppe 62.7 16.8 20.5 (Wiesmeier et al., 2011)

B.6.3 Fixed parameters

In addition to the PFT specific parameters we calibrated, we changed several parameters to capture sites

specific management and history (Table B.4).

Table B.4: Adjusted global parameter values.
Parameter Temperate grassland Hot steppe Cold steppe
lsuha spinup 1.0 0.1 1.0
animal bw 650 450 35
grazing stubble 5 5 2
nfrac grassharvest 1.0 - -
first irrig year - 2014 2005

B.7 R packages

We used several R packages for data handling and plotting (Table B.5). The ggradar package was not

loaded but the ggradar function was adapted to create ggradar expression.
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Table B.5: R-packages used for pre/postprocessing and data visualization.
Package (version) Source
ggplot2 (3.3.6), tidyr (1.1.4), dplyr (1.0.7), purrr (0.3.4), (Wickham et al., 2019)
readr (2.0.2), stringr (1.4.0), tibble (3.1.8)
rlang (1.0.4) (Henry and Wickham, 2022)
ggtern (3.3.5) (Hamilton and Ferry, 2018)
magrittr (2.0.3) (Bache and Wickham, 2022)
reshape2 (1.4.4) (Wickham, 2007)
plyr (1.8.6) (Wickham, 2011)
doParallel (1.0.16) (Microsoft Corporation and Weston, 2020)
foreach (1.5.1) (Microsoft and Weston, 2020)
lubridate (1.7.10) (Grolemund and Wickham, 2011)
tidyselect (1.1.1) (Henry and Wickham, 2021)
gridExtra (2.3) (Auguie, 2017)
MASS (7.3-53.1) (Venables and Ripley, 2002)
Kendall (2.2.1) (McLeod, 2022)
cowplot (1.1.1) (Wilke, 2020)
ggradar (0.2) (Bion, 2022)
LandMark (1.2.0) (Kowalewski et al., 2018)
PIKTools (1.6) (Kowalewski and Breier, 2021)
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Appendix C contains the supplementary information for Chapter 4 Biological nitrogen fixation of natural

and agricultural vegetation simulated with LPJmL 5.7.9.

C.1 Nitrogen demand and uptake

The total N demand (Ndemand in gN m−2) at any time t is the sum of the leaf N demand for RuBisCo

and structural components (Ndemand,leaf in gN m−2) and the N demand for structural components of the

other plant compartments.

Ndemand,leaf = 25 · 0.02314815/daylength · Vmax · exp(−0.02 · (T − 25)) · fLAI(LAI)

+NCleaf,median · Cleaf,t,
(C.1)

where Vmax (gCm−2) is the PFT-specific maximum carboxylation capacity computed based on ab-

sorbed photosynthetically active radiation (APAR) and canopy conductance (Schaphoff et al., 2018;

Sitch et al., 2003). T is the average temperature (◦C) of the current day, and daylength is the duration of

daylight (h). fLAI(LAI) is a dimensionless modifier to account for the current leaf area index (von Bloh

et al., 2018), and Cleaf (gCm−2) is the current leaf C content.

fLAI(LAI) =


max(0.1,LAI) for LAI < 1

exp(0.08 ·min(LAI, 7)) otherwise,
(C.2)

Cleaf,t = Cleaf + fleaf ·
t∑

t′=1

NPPt′ −∆littert′ . (C.3)

LAI is the current leaf area index, and
∑t

t′=1 NPPt′−∆littert′ is the difference between the accumulated

biomass increment and litterfall.

Ndemand,t =

(
Ndemand,leaf +

M∑
m=1

Nm + NCt ·
M∑

m=1

(fm/Rm) ·
t∑

t′=1

NPPt′ −∆littert′

)

· (1 + kstore),

(C.4)

where M is one for grasses, two for trees and three for crops, equalling the number of the respective PFT

plant compartments and excluding leaves, NCt = min(max(Nleaf,t/Cleaf,t, NCleaf,low), NCleaf,high).

fm is the fraction of biomass allocated to the compartment m, Rm is the C : N ratio of compartment

m relative to the leaf C : N ratio, and kstore is a PFT-specific parameter to maintain the PFT labile N

storage. Passive and active N uptake (Nuptake) from each soil layer l (nsoillayer = 6) is calculated as a
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Table C.1: PFT-specific parameters used in N-demand and N-uptake calculations.
PFT NCleaf Rm kstore Nup,root βroot kN,min Kn,min

Low Median High Root Sap- Storage Pool
wood organ

– – – – – – – – gN gC−1 – – gN m−2

d−1 gN m−2

TrBE 15.6 26.8 46.2 1.16 13.5 – – 0.1 2.8 0.952 0.05 1.48
TrBR 15.4 23.1 34.6 1.16 13.5 – – 0.1 2.8 0.981 0.05 1.48
TeNE 31.8 45.0 63.8 1.16 13.5 – – 0.1 2.8 0.976 0.05 1.48
TeBE 15.6 26.8 46.2 1.16 13.5 – – 0.1 2.8 0.964 0.05 1.48
TeBS 15.4 23.1 34.6 1.16 13.5 – – 0.1 2.8 0.966 0.05 1.48
BoNE 31.8 45.0 63.8 1.16 13.5 – – 0.1 2.8 0.955 0.05 1.48
BoBS 15.4 23.1 34.6 1.16 13.5 – – 0.1 2.8 0.955 0.05 1.48
BoNS 18.4 26.0 36.9 1.16 13.5 – – 0.1 2.8 0.955 0.05 1.48
TrH 17.4 34.0 66.9 1.16 – – – 0.05 5.51 0.973 0.05 1.19
TeH 10.5 19.9 37.9 1.16 – – – 0.05 5.51 0.943 0.05 1.19
PoH 10.5 19.9 37.9 1.16 – – – 0.05 5.51 0.943 0.05 1.19
Soybean 14.3 25.0 58.8 1.16 – 0.42 3 0.1 5.51 0.969 0.05 1.48
Pulses 14.3 25.0 58.8 1.16 – 0.42 3 0.1 5.51 0.969 0.05 1.48

function of the potential N uptake of the root system.

Nuptake =

nsoillayer∑
l=1

2 ·Nup,root · Croot,t · rootdistl · fN (Navail,l) · fT (Tsoil,l) · fNC(NCplant), (C.5)

where Nup,root is the PFT-specific maximum N-uptake rate per unit of fine root mass in each layer,

Croot,t is the current root C, rootdistl is the fraction of roots in layer l. fN , fT and fNC are dimensionless

modifiers for the availability of mineral N, soil temperature and plant N : C ratio (von Bloh et al., 2018).

Croot,t is calculated as Cleaf,t in Eq. (C.3). The root distribution can be calculated from the proportion of

roots from the surface to soil depth z, following Jackson et al. (1996):

rootdistz =
1− βz

root

1− βzbottom
root

, (C.6)

where zbottom is the lower boundary of the last soil layer and βroot is a PFT-specific parameter (Table C.1).

The root proportion of one soil layer can be calculated as

rootdistl = rootdistz(l) − rootdistz(l−1). (C.7)

fN follows Michaelis–Menten kinetics,

fN (Navail,l) = kN,min +
Navail,l

Navail,l +KN,min ·Θmax · dsoil
, (C.8)

where Navail,l = NO3,soil,l
− + NH4,soil,l

+, kN,min and KN,min are the PFT-specific parameters de-

scribing the Michaelis–Menten kinetics. Θmax is the soil-type-specific fractional pore space, and dsoil,l

(dimensionless) is the soil layer depth (m).
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fT is the temperature function given by Thornley (1991)

fT (Tsoil,l) = max

(
(Tsoil,l − T0) · (2 · Tm − T0 − Tsoil,l)

(Tr − T0) · (2 · Tm − T0 − Tr)
, 0

)
, (C.9)

where T0 < Tr < 2·Tm−T0 has to be fulfilled. von Bloh et al. (2018) defined Tm = 15 ◦C, Tr = 15 ◦C

and T0 = −25 ◦C, which leads to the maximum of one at temperatures of 15 ◦C and higher and non-zero

values above −25 ◦C.

fNC was taken from Zaehle et al. (2010),

fNC = min

(
max

(
NCplant − NCleaf,high

NCleaf,low − NCleaf,high
, 0

)
, 1

)
, (C.10)

where NCplant = Nleaf+Nroot
Cleaf+Croot

, NCleaf,min and NCleaf,max are PFT-specific parameters extracted from the

TRY database (Kattge et al., 2020) (Table C.1).

The labile-N values Nlabile,t are the current reserves which have accumulated via N uptake and re-

translocation.

Nlabile,t = Nlabile +
t∑

t′=1

Nuptake,t′ −Nresorb,t′ (C.11)

C.2 Spin-up simulation carbon stocks

With constant forcing (i.e. stable pre-industrial atmospheric CO2 concentration, atmospheric N depo-

sition and climate), the global C stocks showed a residual trend of −0.0106PgC yr−1 for the Original

approach and −0.0121PgC yr−1 for the C-costly approach. This is 8–10 times lower than the steady-

state criterion of the 0.1PgC yr−1 residual trend after spin-up, which is used by the Global Carbon

Project to validate DGVMs for inclusion in their global C budget analysis (Friedlingstein et al., 2022).

At the grid cell level, the vast majority of cells (94 % for the Original approach and 95 % for the C-costly

approach) exhibited residual trends in total C stocks of less than ±1 gC m−2 yr−1. The corresponding

maps are shown in Fig. C.1.
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Figure C.1: Residual trends in C stocks after the spin-up simulation averaged over 1000 years for the
Original approach (a) and the C-costly (b) approach.

C.3 Additional figures and tables

Figure C.2: Simulated and observed crop yields (a, b) for soybean (green) and pulses (blue) and BNF
in natural vegetation (c, d).
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Figure C.3: Vegetation C : N ratio for the years 2001 to 2010 for rainfed (RF) and irrigated (IR) soybean
(red) and pulses (blue) for the Original approach and C-costly approach.

Figure C.4: The 2001 to 2010 average BNF (in gN m−2 yr−1) of the potential natural vegetation
(PNV) simulations (a, b), of the natural vegetation (NV) (c, d) and of the managed land
(AG) (e, f) area fractions of the dynamic land-use (LU) simulations.
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Figure C.5: Difference between 2001 to 2010 average BNF (in gN m−2 yr−1) between the two ap-
proaches (a–d) for the dynamic land-use (LU) simulations (a), for the potential natural
vegetation (PNV) simulations (b), for the area fractions of natural vegetation (NV) (c) and
for the managed land (AG) (e) of the dynamic land-use simulations and the difference com-
pared to the data from Davies-Barnard and Friedlingstein (2020) (DBF) (e, f).

lxxxi



Appendix C

Figure C.6: Latitudinal distribution of BNF for each PFT for the dynamic land-use simulations for the
Original approach (red) and C-costly approach (blue).

Figure C.7: Latitudinal distribution of BNF for each PFT for the potential natural vegetation simulations
for the Original approach (red) and C-costly approach (blue).

lxxxii



Appendix C

Figure C.8: Density distribution of the fraction of BNF of the total N uptake for the dynamic land-use
simulations (a), for the potential natural vegetation (b) and for the area fractions of natural
vegetation (NV) (c) and cropland (CL), using the C-costly approach (d) and the Original (e)
approach for the dynamic land-use simulations.

Figure C.9: Global distribution of the fraction of %Ndfa for the dynamic land-use (a), for the potential
natural vegetation simulations (b) and the natural vegetation (c) and cropland (d) fraction
of the dynamic land-use simulation.
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Figure C.10: Global terrestrial C balance. Scenarios include the Original approach and the C-costly ap-
proach for natural vegetation and actual land use. The net balance is denoted by the black
line. C inputs include C from manure, PFT establishment (Estab) and NPP. C losses in-
clude heterotrophic respiration, fire emissions, harvested C and land-use change emissions
(from deforestation and product turnover).
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Figure C.11: Difference of foliage projective cover in m2 m−2 between the C-costly and the Original
BNF approach for dynamic land use simulation and each plant functional type (PFT).
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Figure C.12: Difference of foliage projective cover in m2 m−2 between the C-costly and the Original
BNF approach for potential natural vegetation simulation and each plant functional type
(PFT).

lxxxv



Appendix C

1900 1920 1940 1960 1980 2000

40
50

60
70

Harvested carbon rainfed rice [Mt DM/year]

1900 1920 1940 1960 1980 2000

15
0

20
0

25
0

30
0

35
0

Harvested carbon rainfed maize [Mt DM/year]

1900 1920 1940 1960 1980 2000

60
80

10
0

12
0

14
0

16
0

Harvested carbon rainfed oil_crops_soybean [Mt DM/year]

1900 1920 1940 1960 1980 2000

50
10

0
15

0
20

0

Harvested carbon rainfed pulses [Mt DM/year]

1900 1920 1940 1960 1980 2000

20
00

30
00

40
00

50
00

Harvested carbon rainfed grassland [Mt DM/year]

benchmark run
run

1900 1920 1940 1960 1980 2000

20
0

30
0

40
0

50
0

Harvested carbon rainfed temperate_cereals [Mt DM/year]

a) b)

c) d)

e) f)

Figure C.13: Global sums of harvested carbon from 1901 to 2011 for rainfed temperate cereals (a), rice
(b), maize (c), soybean (d), pulses (e) and managed grasslands (f)
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Figure C.14: Global sums of harvested carbon from 1901 to 2011 for irrigated temperate cereals (a),
rice (b), maize (c), soybean (d), pulses (e) and managed grasslands (f)
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Figure C.15: Global sum of net biome production from 1901 until 2011 for the dynamic land use (LU))
(a) and potential natural vegetation (PNV) simulation (b)
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Martin, C. Martı́nez-Garza, J. Martı́nez-Vilalta, T. Mašková, K. Mason, N. Mason, T. J. Massad, J. Masse, I. Mayrose, J.
McCarthy, M. L. McCormack, K. McCulloh, I. R. McFadden, B. J. McGill, M. Y. McPartland, J. S. Medeiros, B. Medlyn,
P. Meerts, Z. Mehrabi, P. Meir, F. P. L. Melo, M. Mencuccini, C. Meredieu, J. Messier, I. Mészáros, J. Metsaranta, S. T.
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Appendix D
Appendix D contains the supplementary information for Chapter 5 Global grassland productivity and

carbon storage benefit from functional diversity already under moderate climate change.

D.1 Additional figures

Figure D.1: Time series average (a), 5th (b) and 95th (c) percentiles of the annual herbaceous GPP
calculated from Zhang et al. (2017).
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Figure D.2: Community share of the C- (a), S- (b) and R-PFT (c) calculated using the StrateFy approach
and the Wolf et al. (2022) data.
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Figure D.3: 2000 to 2016 average GPP for the parameter sets before (a) and after (c) calibration and
observations (e) as well as difference between the parameters before the calibration and
observations (b), the parameter set after the calibration and observations (d) and the two
parameter sets (f).
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Figure D.4: FPC for each strategy for the parameter sets before (a, b, c) and after (d,e,f) calibration and
difference to observations for the parameters before the calibration (g,h,i) and the parameter
set after the calibration (j,k,l).
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Figure D.5: Global distribution of GPP (a,c,e) and SOC (b,d,f) dependent on functional diversity for
SSP3-7.0. Left panels show the average GPP for the scenarios (a) FD+, (b) FD- and (c)
their difference, i.e. the net effect of a higher functional diversity. Right panels (b,d,f)
show the respective results for SOC. All distributions show the 2091 to 2100 average of the
respective output variable simulated using climate data from the MRI-ESM2-0.
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Figure D.6: Global distribution of the relative difference of GPP (a) and SOC (b) between the end of the
historical time period (2005-2014) and the current century (2091-2100). All distributions
show the time frame average of the respective output variable simulated using climate data
from the MRI-ESM2-0.
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Figure D.7: Dominant PFT in FD+ at the end of the historical time period (2014, a), the current century
(2091-2100 average, b) and change of the dominant PFT between the end of the historical
time period and the current century (c). PFTs are the tropical (Tr), tmeperate (Te) and polar
(Po), competitive (C), stress-tolerant (S) and ruderal (R).
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Figure D.8: Global distribution of PFT-specific GPP dependent on functional diversity. From left to
right, panels show the distribution for the C- (a,d,g), S- (b,e,h) and R-PFTs (c,f,i). The
first (a,b,c) and third (g,h,i) rows show the distribution using all PFTs present in FD+. The
second row (d,e,f) shows the distribution using only the dominant PFT in FD+. The third
row (g,h,i) shows the distribution for FD-. All distribution show the 2091 to 2100 average
of the respective output variable simulated using climate data from the MRI-ESM2-0.
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Figure D.9: Global distribution of PFT-specific FPC dependent on functional diversity. From left to
right, panels show the distribution for the C- (a,d,g), S- (b,e,h) and R-PFTs (c,f,i). The
first (a,b,c) and third (g,h,i) rows show the distribution using all PFTs present in FD+. The
second row (d,e,f) shows the distribution using only the dominant PFT in FD+. The third
row (g,h,i) shows the distribution for FD-. All distribution show the 2091 to 2100 average
of the respective output variable simulated using climate data from the MRI-ESM2-0.
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Figure D.10: Distribution of the absolute GPP (a,d), SOC (b,e) and the number of PFT present (c,f)
dependent on functional diversity for Uganda and South Sudan. Panels show the data
FD+ (a,b,c,f) and FD-(d,e). All distribution are based on the 2091 to 2100 average of the
respective output variable simulated using climate data from the MRI-ESM2-0.
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Figure D.11: Distribution of the absolute FPC (a,b,c) and relative difference between FD+ and FD-
(c,d,e) and end of the historical time period (g,h,i) for the tropical C- (a,d,g), S- (b,e,h) and
R-PFT (c,f,i) for Uganda and South Sudan. All distribution are based on the 2005 to 2014
and 2091 to 2100 average of the respective output variable simulated using climate data
from the MRI-ESM2-0.
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Figure D.12: Distribution of the absolute GPP (a,d), SOC (b,e) and the number of PFT present (c,f)
dependent on functional diversity for Germany. Panels show the data FD+ (a,b,c,f) and
FD-(d,e). All distribution are based on the 2091 to 2100 average of the respective output
variable simulated using climate data from the MRI-ESM2-0.
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Figure D.13: Distribution of the absolute FPC (a,b,c) and relative difference between FD+ and FD-
(c,d,e) and end of the historical time period (g,h,i) for the temperate C- (a,d,g), S- (b,e,h)
and R-PFT (c,f,i) for Germany. All distribution are based on the 2005 to 2014 and 2091
to 2100 average of the respective output variable simulated using climate data from the
MRI-ESM2-0.
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Figure D.14: Distribution of the absolute FPC (a,b,c) and relative difference between FD+ and FD-
(c,d,e) and end of the historical time period (g,h,i) for the polar C- (a,d,g), S- (b,e,h) and
R-PFT (c,f,i) for Germany. All distribution are based on the 2005 to 2014 and 2091 to
2100 average of the respective output variable simulated using climate data from the MRI-
ESM2-0.
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Figure D.15: Distribution of the absolute GPP (a,d), SOC (b,e) and the number of PFT present (c,f)
dependent on functional diversity for North and South Carolina. Panels show the data
FD+ (a,b,c,f) and FD-(d,e). All distribution are based on the 2091 to 2100 average of the
respective output variable simulated using climate data from the MRI-ESM2-0.
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Figure D.16: Distribution of the absolute FPC (a,b,c) and relative difference between FD+ and FD-
(c,d,e) and end of the historical time period (g,h,i) for the tropical C- (a,d,g), S- (b,e,h) and
R-PFT (c,f,i) for North and South Carolina. All distribution are based on the 2005 to 2014
and 2091 to 2100 average of the respective output variable simulated using climate data
from the MRI-ESM2-0.
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Figure D.17: Distribution of the absolute FPC (a,b,c) and relative difference between FD+ and FD-
(c,d,e) and end of the historical time period (g,h,i) for the temperate C- (a,d,g), S- (b,e,h)
and R-PFT (c,f,i) for North and South Carolina. All distribution are based on the 2005 to
2014 and 2091 to 2100 average of the respective output variable simulated using climate
data from the MRI-ESM2-0.
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