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Appendix A: Data availability 10 

Forest models are data-demanding across the different steps of model development and 11 

application. A robust parameterization of the multiple processes related to plant life cycle and 12 

physiology for diverse plant types, species or individuals requires various data across scales, 13 

from plant organ to population, including environmental factors. For many processes, such 14 

data are often not available in the required quality and resolution, e.g. for tolerance of trees to 15 

resource limitations (Craine, Engelbrecht, Lusk, McDowell, & Poorter 2012; De Kauwe et al., 16 

2015; McMahon et al., 2011) or soil characteristics (Marthews et al., 2014). Additionally, a 17 

thorough initialization and validation of forest simulations over large spatial and temporal 18 

scales requires observation data encompassing both fine resolution and large coverage over 19 

long time spans, which can still be a challenge (Estes et al., 2018, Table 1). 20 

Fortunately, data availability (see Table 2) fosters a systematic model trait-based 21 

parameterization for a range of plant species and individuals. For example, Scheiter et al. 22 



2 

(2013) and Sakschewski et al. (2015) used reported trait coordination to constrain individual 23 

trait combinations in simulations of forest dynamics with DGVMs. In doing so, they improved 24 

model representation of functional diversity from a few discrete plant functional types to a 25 

continuum of traits, while excluding unrealistic trait combinations (Van Bodegom et al., 2012). 26 

Similarly, by taking advantage of comprehensive trait databases, but also of long term 27 

inventories and of the detailed information they provide on tree life-histories, forest IBMs have 28 

been allowed to simulate hundreds of species within diverse forest communities (Maréchaux 29 

& Chave, 2017; Rüger et al., 2019). 30 

Beside networks of forest plot inventories  and remote sensing toolscitizen science 31 

programs have also been developed to create new opportunities of forest data sampling over 32 

large areas (Affouard, Goëau, Bonnet, Lombardo, & Joly 2017; Delbart, Beaubien, Kergoat, & 33 

Le Toan 2015; Giraud, Calenge, Coron, & Julliard, 2016; Wäldchen, Rzanny, Seeland, & 34 

Mäder, 2018).  35 

The development of machine learning techniques allowed Rammer & Seidl, (2019), to 36 

use deep neural networks to estimate vegetation transitions across large spatial scales. 37 

Additionally, an example for Bayesian modelling approaches is Van Oijen et al. (2013), who 38 

found a strong reduction of uncertainty in most forest models after a Bayesian calibration.  39 

 40 
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 92 

Appendix B Technical challenges 93 

Several technical obstacles constrain model developments and runtime. Expanding 94 

model development and applications relies on code and data sharing within and among larger 95 

communities of model developers and users, which is also accompanied by technical 96 

challenges. Several modeller teams make the model code (partly) freely available. 97 

Additionally, version control systems allow to track changes and collaborate on model code in 98 

an efficient way (e.g. Git, Ram, 2013; e.g. Collalti, et al., 2016). Besides code sharing, 99 

simulation data are increasingly available following data open access requirements, allowing 100 

subsequent analyses or model comparisons. In many modelling studies, the preparation of 101 

data (e.g. for input/initialization, calibration or validation) and the analyses of model outputs 102 

are very work- and time-intensive. Sharing scripts for analysing forest simulations, e.g. through 103 
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dedicated platforms (e.g. LeBauer, Wang, Richter, Davidson, & Dietze, 2013) or R (R Core 104 

Team, 2018) package (e.g. Duursma, & Medlyn 2012), is also of great help.  105 

Another example of technical challenges is the development of the simulation 106 

framework within model intercomparisons and the standardisation of both model inputs and 107 

outputs. Moreover, when complex process-based models are involved, whose uncertainties 108 

can not simply be attributed to individual processes, a major challenge is to interpret the 109 

ensemble runs and to understand which model processes actually explain the differences 110 

between models. To address all these issues, transparent model documentations and 111 

intensive exchange between modellers is needed accompanied by systematic tests of models 112 

and their components (Reyer et al., 2020). 113 

Model coupling is likewise challenging, since, in most models, some processes are 114 

hidden in parameters or strongly simplified functions and the model is usually balanced by 115 

fitting these parameters. If the simplified process or the parameter is replaced by a more 116 

complex sub-model for the process, often the balance can be lost. Additionally, error 117 

propagation among models can also prove difficult (Dunford, Harrison, & Rounsevell, 2015). 118 

Several model systems and software frameworks have been developed to facilitate multi-119 

model coupling in a systematic way, and they even allow for switching between different 120 

models during a simulation (Haas et al., 2013).  121 
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