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Summary 

Forest ecosystems are of key importance for providing a broad range of ecosystem goods and 

services. Yet, forest ecosystems are subject to manifold pressures and considered to be 

particularly sensitive to rapid climate change. A particular uncertainty remains in larger scale 

assessments (i.e., regional to national scale) due to the effects of local-scale drivers of climate 

change impacts (e.g., related to site-, species- and stand-specific responses), which is 

particularly important for forest management and planning.  

Multiple dynamic vegetation models (DVMs) have been developed to analyze forest 

ecosystems and their dynamics. Among the various types of DVMs, forest gap models (FGMs) 

have been introduced to represent stand-scale dynamics as upscaled from individual tree 

behavior, thus allowing to represent uneven-aged, mixed-species stands. This renders them 

principally suitable to assess the future �G�H�Y�H�O�R�S�P�H�Q�W���R�I���W�R�G�D�\�¶�V���I�R�U�H�V�W stands under changing 

environmental conditions while accounting for site-specific factors.  

Even though many ecological models strive for generality and realism, so far few FGMs have 

been applied across large areas (e.g., the national to continental scale). This may be due to 

parameterization problems and insufficient representation of underlying mechanisms. To 

overcome these issues, many models are (re-)calibrated locally or adapted structurally to reflect 

local conditions. Yet, such strategies tend not to increase a �P�R�G�H�O�¶�V general applicability across 

a broad range of conditions. Furthermore, model developments aiming at structural 

improvements typically focus on one single process. However, due to unaccounted process 

interactions, such efforts are at �U�L�V�N�� �R�I�� �µ�J�H�W�W�L�Q�J�� �W�K�H�� �U�L�J�K�W�� �S�D�W�W�H�U�Q�V�� �I�R�U�� �W�K�H�� �Z�U�R�Q�J�� �U�H�D�V�R�Q�¶�� ���L���H������

missing ecological reality). Thus, recent pleas have been made to jointly revisit the ecological 

processes at the core of DVMs to increase the consistency of process interactions.  

Using the state-of-the-art FGM ForClim, this PhD thesis aims to enhance the robustness of the 

projections for various fields of FGM applications (e.g., natural and managed forest stand 

dynamics) across a range of spatial and temporal scales. A particular focus was on the 

consistency of the simulated processes and their interactions. Specifically, these efforts were 

geared towards providing locally accurate climate impact assessments over large areas, 

representing a current research frontier in FGMs and DVMs in general.  



4 Summary 

 

In Chapter 1, I conducted a sensitivity analysis of the ForClim model to analyze model behavior 

and identify model components that deserve particular attention for reducing uncertainties of 

parameter estimates and/or improving process representation. Since the relative parameter 

influence may not be constant over time and likely varies with site conditions, stand structure 

�D�Q�G���V�S�H�F�L�H�V���F�R�P�S�R�V�L�W�L�R�Q�����,���D�Q�D�O�\�]�H�G���W�K�H���P�R�G�H�O�¶�V���S�D�U�D�P�H�W�H�U���V�H�Q�V�L�W�L�Y�L�W�\���D�W���������U�H�S�U�H�V�H�Q�W�D�W�L�Y�H���V�L�W�H�V��

across Europe and compared results for monospecific and mixed stands at two system states in 

time (i.e., early and late succession). Key parameters causing the largest variability in model 

outputs were related to tree establishment, the water and light regimes, growth and temperature, 

whereby the relative parameter influence of the latter strongly varied with local climate 

conditions. Moreover, model sensitivity differed between monospecific and mixed stands as 

well as between early and late successional stages, reflecting the differential influence of 

ecological processes with stand structure. In addition, model application at a European scale 

(i.e., far beyond the geographical range ForClim was originally developed for) pointed at model 

shortcomings. 

Since ForClim proved to be highly sensitive to water-related parameters across most of the 

European continent (Chapter 1) and accurately representing water limitations in DVMs is of 

utmost importance in view of climate change�����,���U�H�Y�L�V�L�W�H�G���)�R�U�&�O�L�P�¶�V���Z�D�W�H�U���P�R�G�X�O�H���L�Q��Chapter 

2. Most DVMs explicitly model water availability based on a water balance with potential 

evapotranspiration (PET) as the main driver. I �D�V�V�H�V�V�H�G���W�K�H�� �S�H�U�I�R�U�P�D�Q�F�H�� �R�I�� �)�R�U�&�O�L�P�¶�V��water 

module, which includes the PET formulation by Thornthwaite and Mather (1957), by 

confronting simulated with observed monthly AET at forested FLUXNET sites. Further, I 

included alternative PET formulations in the comparison, particularly the one by Priestley and 

Taylor (1972) featuring a higher degree of mechanistic detail. The performance of the water 

module as applied in ForClim depended primarily on climate type independent of the PET 

formulation applied. I thus conclude that increasing the complexity of the PET formulation will 

hardly improve the estimates of water deficiencies at an annual scale in ForClim. Rather, more 

attention should be payed to forest-specific features in the context of the water balance, such as 

the representation of belowground and phenological processes, because most water balance 

models have been developed for agricultural applications.  

In Chapter 3, I scrutinized the represe�Q�W�D�W�L�R�Q���R�I���)�R�U�&�O�L�P�¶�V core processes and the consistency 

of their interplay. I developed a set of alternative process and parameter representations for the 

core processes light availability, tree establishment, growth and mortality, based on ecological 
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theory and diverse sources of empirical data. I applied a pattern-oriented modeling (POM) 

approach to test all combinations of the standard and alternative formulations (yielding 504 

model versions) against a comprehensive set of empirical patterns for diverse model 

applications and a wide range of site conditions. I found that adapting one process in isolation 

can improve model performance for one specific application. However, the best model versions 

typically included more than one alternative process or parameter formulation. Thus, 

simultaneously considering multiple core processes is key for revealing internal inconsistencies 

in the model framework and model improvements. In this context, POM proved to be highly 

suitable to bridge various fields of model application and to compare model outputs with a 

broad set of patterns comprising diverse forest characteristics at different temporal and spatial 

scales. I conclude that the forest ecology community should make good use of the ever-

increasing data availability and the POM framework to challenge the core processes of DVMs 

in a holistic manner. 

Finally, the increasing impacts of climate change on forest ecosystems have triggered multiple 

model-based impact assessments for the future, which however feature considerable uncertainty 

regarding local impacts over larger areas (i.e., regional to national scales). In Chapter 4, I aimed 

at bridging this gap by analyzing the climate change sensitivity until the end of the 22nd century 

for 71 typical managed Swiss forests. To account for various sources of uncertainty in the 

projections, the effect of eight different model versions (developed in Chapter 3) as well as 

alternative soil types and climate change scenarios were considered. The simulations showed 

substantial changes in basal area and species composition, with dissimilar responses to climate 

change across and within elevation zones. I identified the following stands as being most prone 

to negative climate-induced impacts: (1) stands in the sub-montane and low montane elevations 

zones and (2) stands located on poor soils in the high montane and subalpine elevation zones. 

The introduction of additional, more climatically adapted species partly mitigated the negative 

impacts of climate change, suggesting that admixing drought-tolerant species is advisable 

across all elevations to increase the resistance and resilience of forest stands to climate change. 

Yet, the large influence of site conditions and the choice of the forest model on some of the 

projections indicates that uncertainty sources other than the climate change scenarios need to 

be considered in impact assessments. By considering diverse sources of uncertainty, including 

structural and parameter-related uncertainties of the model, I was thus able to demonstrate their 
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key relevance for an improved, evidence-based decision support in forest management under 

climate change. 

Throughout the thesis, I presented an approach to improve the robustness, accuracy and 

generality of FGMs, and demonstrated how to upscale climate-change impact assessments from 

the local to the national scale, which I believe are important steps in advancing the frontier of 

large-scale applications of FGMs. The insights from this thesis are furthermore relevant for 

other DVMs, especially for those that feature strong structural similarity with ForClim.  
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Zusammenfassung 

Waldökosysteme stellen dem Menschen eine Reihe essentieller Ökosystemdienstleistungen 

zur Verfügung. Zugleich sind Wälder jedoch vielfältigen Belastungen ausgesetzt und stehen 

in Zeiten des fortschreitenden Klimawandels einer unsicheren Zukunft gegenüber. 

Insbesondere die Geschwindigkeit des anthropogenen Klimawandels stellt die Forstwirtschaft 

vor grosse Herausforderungen. Für die waldbauliche Planung sind wissenschaftlich fundierte 

Grundlagen zu den möglichen Auswirkungen des Klimawandels daher unabdingbar. Diese 

sollten sowohl lokale Gegebenheiten berücksichtigen, wie z.B. die aktuelle 

Baumartenzusammensetzung heutiger Bestände, als auch Informationen auf grösseren 

räumlichen Skalen (d.h. auf regionaler bzw. nationaler Ebene) bieten, welche für die 

waldbauliche Planung relevant sind. 

Mögliche zukünftige Entwicklungen von Waldökosystemen lassen sich mit Hilfe 

dynamischer Vegetationsmodelle (sog. DVMs) vorhersagen. Insbesondere Waldsukzessions-

modelle�����V�R�J�����µForest gap models�¶�� sind dafür besonders geeignet, da sie die Dynamik auf der 

Bestandesebene abbilden und standortspezifische Faktoren berücksichtigen. Obwohl solche 

Modelle auf einen möglichst hohen Grad an Allgemeingültigkeit und Realismus abzielen, gibt 

es bisher nur wenige Anwendungen von Waldsukzessionsmodellen auf grossen Skalen (z.B. 

auf kontinentaler Ebene). Dies ist hauptsächlich auf zwei Probleme zurückzuführen. 

Einerseits stellt die Parametrisierung dieser Modelle eine grosse Herausforderung dar. 

Andererseits ist es möglich, dass entscheidende ökologische Prozesse unzureichend 

abgebildet sind. Daher werden viele Modelle für lokale Anwendungen neu kalibriert oder in 

ihrer Struktur angepasst. Solche Vorgehensweisen führen in der Regel jedoch nicht zu einer 

verbesserten Allgemeingültigkeit des Modells. Zudem konzentrieren sich Verbesserung von 

Prozessrepräsentationen typischerweise auf einen einzigen Prozess (z.B. auf das 

Einzelbaumwachstum). Da bei einem solchen Vorgehen Prozessinteraktionen in der Regel 

nicht berücksichtigt werden, besteht die Gefahr, dass Interaktionen zwischen den Prozessen 

(z.B. zwischen Wachstum und Mortalität) nicht adäquat abgebildet werden. Deshalb wurde in 

jüngster Zeit wiederholt gefordert, die zentralen Prozesse innerhalb von DVMs gleichzeitig zu 

überprüfen.  
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Diese Dissertation hatte zum Ziel, die Robustheit der Projektionen des Waldsukzessions-

modells ForClim für verschiedene Anwendungsbereiche zu verbessern. Ein besonderer 

Schwerpunkt lag dabei auf der Konsistenz von Prozessinteraktionen. Konkret zielten diese 

Bemühungen darauf ab, robuste Klimafolgenabschätzungen auf regionaler bzw. nationaler 

Ebene zu ermöglichen und dabei kleinräumige Gegebenheiten zu berücksichtigen.  

In Kapitel 1 habe ich zunächst eine Sensitivitätsanalyse für das DVM ForClim durchgeführt, 

um das Modellverhalten zu analysieren. Diese Analyse ermöglichte es, Prozesse zu 

identifizieren, die das Modellverhalten massgeblich steuern. Modellverbesserungen in diesen 

Prozessen sind daher besonders effektiv und können z.B. aus einer Verbesserung der 

Prozessdarstellung oder durch robustere Parameterwerte zustande kommen. Da der relative 

Einfluss von Parametern im Simulationsverlauf nicht zwingenderweise konstant ist und von 

den Standortbedingungen, der Bestandsstruktur und der Artenzusammensetzung abhängen 

kann, habe ich die Parametersensitivität des Modells an 30 repräsentativen Standorten in ganz 

Europa analysiert. Zudem habe ich die Ergebnisse für Rein- und Mischbestände zu zwei 

Zeitpunkten (d.h. frühe und späte Sukzessionsphase) miteinander verglichen. Besonders 

wichtige Parameter stammten aus den Modellbereichen der Baumverjüngung, des Wasser- 

und Lichtregimes, des Baumwachstums und temperaturbezogener Prozesse. Der Einfluss 

temperaturbezogener Parameter hing dabei stark von den lokalen Klimabedingungen ab. 

Darüber hinaus unterschied sich die Modellsensitivität zwischen Rein- und Mischbeständen 

sowie zwischen frühen und späten Sukzessionsphasen, was den unterschiedlichen Einfluss 

ökologischer Prozesse auf die Bestandesstruktur widerspiegelt. Die Modellanwendung auf 

europäischer Ebene (d.h. weit über den geografischen Bereich hinaus, für den ForClim 

ursprünglich entwickelt worden war) lieferte zudem Hinweise auf strukturelle Mängel und 

Parametrisierungsprobleme. 

Da sich ForClim als sehr sensitiv gegenüber wasserbezogenen Parametern erwies (Kapitel 1) 

und die Darstellung der Wasserbilanz in DVMs im Hinblick auf den Klimawandel von 

größter Bedeutung ist, habe ich in Kapitel 2 das Wassermodul von ForClim untersucht. Die 

meisten DVMs modellieren die Wasserverfügbarkeit auf der Grundlage einer Wasserbilanz, 

welche von der potentiellen Evapotranspiration (PET) angetrieben wird. Daher beurteilte ich 

die Genauigkeit des Wassermoduls von ForClim einschließlich der derzeit verwendeten PET-

Formulierung, die auf Thornthwaite und Mather (1957) basiert. Dazu verglich ich die 

monatlich simulierte aktuelle Evapotranspiration (AET) mit gemessenen Werten an 
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bewaldeten FLUXNET-Standorten aus verschiedensten Klimazonen. Darüber hinaus bezog 

ich alternative PET-Formulierungen in die Analyse mit ein, insbesondere jene von Priestley 

und Taylor (1972), die einen höheren Grad an mechanistischem Detail aufweist als die derzeit 

verwendete Formulierung. Die Genauigkeit des Wassermoduls hing unabhängig von der 

verwendeten PET-Formulierung hauptsächlich vom Klimatyp ab. Eine komplexere PET-

Formulierung wird die Abschätzung des Wassermangels auf jährlicher Basis in ForClim 

daher kaum verbessern. Vielmehr sollten waldspezifische Besonderheiten in der Wasserbilanz 

stärker berücksichtigt werden, da die meisten Wasserbilanzen für landwirtschaftliche 

Anwendungen entwickelt wurden.  

In Kapitel 3 untersuchte ich die Kernprozesse von ForClim sowie die Konsistenz ihres 

Zusammenspiels. Auf der Grundlage ökologischer Theorien und Erkenntnisse sowie 

verschiedenster empirischer Daten entwickelte ich eine Reihe alternativer 

Prozessdarstellungen und Parameterschätzungen für die Kernprozesse Lichtverfügbarkeit, 

Baumverjüngung, -wachstum und -mortalität. Anschliessend verwendete ich die Methode 

�µ�P�X�V�W�H�U�R�U�L�H�Q�W�L�H�U�W�H�V���0�R�G�H�O�O�L�H�U�H�Q�¶ (POM: Pattern-Oriented Modeling), um alle Kombinationen 

der Standard- und Alternativformulierungen (504 Modellversionen) für eine Vielzahl von 

Modellanwendungen und Standortsbedingungen zu testen. Dabei stellte ich fest, dass sich die 

Leistung des Modells durch die Anpassung eines einzigen Prozesses für eine bestimmte 

Anwendung verbessern lässt. Die besten Modellversionen beinhalteten jedoch typischerweise 

mehr als eine alternative Prozessformulierung oder Parameterschätzung. Bei der 

Überarbeitung von Modellen ist die gleichzeitige Betrachtung mehrerer Kernprozesse daher 

von zentraler Bedeutung, da so Inkonsistenzen in den Interaktionen zwischen einzelnen 

Prozessen aufgedeckt werden können. POM erwies sich in diesem Zusammenhang als 

geeignete Methode, die es ermöglicht, verschiedene Anwendungsbereiche des Modells 

gleichzeitig zu analysieren und verschiedenste Modellergebnisse mit einem breiten Spektrum 

von beobachteten Mustern zu vergleichen, die sich auf unterschiedliche zeitliche und 

räumliche Skalen beziehen. Ich komme daher zum Schluss, dass die Forschung die ständig 

wachsende Datenverfügbarkeit und den POM-Ansatz nutzen sollte, um die Kernprozesse 

dynamischer Modelle ganzheitlich zu überprüfen und zu verbessern. 
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Die zunehmend negativen Auswirkungen des Klimawandels haben eine Vielzahl 

modellbasierter Abschätzungen der Empfindlichkeit von Waldökosystemen ausgelöst. Solche 

Abschätzungen sind jedoch mit erheblichen Unsicherheiten verbunden, insbesondere in 

Bezug auf die lokalen Auswirkungen des Klimawandels. Daher liegen für grössere Gebiete 

(d.h. auf regionaler bis nationaler Ebene) kaum verlässliche Vorhersagen über mögliche 

kleinräumige Auswirkungen vor. Aus diesem Grund analysierte ich in Kapitel 4 die 

Klimasensitivität 71 typischer bewirtschafteter Schweizer Waldtypen bis Ende des 22. 

Jahrhunderts. Dabei wurden die möglichen Einflüsse verschiedener Unsicherheiten auf die 

Modellprojektionen berücksichtigt, indem Simulationen mit acht verschiedenen 

Modellversionen (entwickelt in Kapitel 3) für zwei verschiedene Bodentypen und drei 

Klimawandelszenarien gemacht wurden. Gemäss den Resultaten sind erhebliche 

Veränderungen der Basalfläche und der Artenzusammensetzung für Schweizer Wälder zu 

erwarten, wobei sich ihre Klimasensitivität zwischen und innerhalb der Höhenstufen teilweise 

stark unterschied. Als besonders anfällig für negative klimabedingte Veränderungen erwiesen 

sich folgende Bestände: (1) typische Bestände der submontanen und untermontanen 

Höhenstufe und (2) Bestände auf armen Böden in der hochmontanen und subalpinen 

Höhenstufe. Negative Auswirkungen des Klimawandels liessen sich durch die Einführung 

zusätzlicher, klimatisch besser angepasster Arten teilweise abschwächen. Um die 

Widerstandsfähigkeit der Waldbestände gegenüber dem Klimawandel zu erhöhen, erscheint 

es daher ratsam, die Beimischung trockenheitstoleranter Arten in allen Höhenlagen zu 

fördern. Die Berücksichtigung verschiedenster Unsicherheitsfaktoren verdeutlichte 

ausserdem, dass Projektionen zur Klimaempfindlichkeit nicht nur Unsicherheiten in den 

Klimawandelszenarien, sondern auch weitere, bisher vernachlässigte Unsicherheitsfaktoren 

berücksichtigen sollten, wie zum Beispiel strukturelle und parameterbezogene Unsicherheiten 

von DVMs. Der Einbezug solcher Unsicherheiten ist von grosser Bedeutung für eine 

verbesserte und evidenzbasierte Entscheidungsunterstützung für die zukünftige Wald-

bewirtschaftung. 

Die vorliegende Dissertation zeigt auf, wie sich die interne Konsistenz eines 

Waldsukzessionsmodells und somit die Robustheit seiner Projektionen für verschiedene 

Anwendungsbereiche verbessern lässt. Zudem zeigte ich auf, wie sich Klimafolgen-

abschätzungen von der lokalen auf die nationale Ebene hochskalieren lassen, unter 

Beibehaltung und Berücksichtigung kleinräumiger Gegebenheiten und Prozesse. Diese 
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Aspekte stellen meiner Ansicht nach wichtige Schritte in Richtung einer grossflächigen 

Anwendung von Waldsukzessionsmodellen dar. Die Erkenntnisse aus dieser Arbeit sind für 

andere DVMs relevant, insbesondere für solche, die eine starke strukturelle Ähnlichkeit mit 

ForClim aufweisen. 



 



 13 

 

General introduction 

�$�S�S�U�R�[�L�P�D�W�H�O�\�� �������� �R�I�� �W�K�H�� �(�D�U�W�K�¶�V�� �O�D�Q�G�� �V�X�U�I�D�F�H�� �L�V�� �F�R�Y�H�U�H�G�� �E�\�� �Iorests (FAO 2016). Forest 

ecosystems are of key importance for providing a broad range of ecosystem goods and services 

including timber and food production, biogeochemical cycling, biodiversity and others (FAO 

2010, Dick et al. 2011, Quine et al. 2013). Yet, forest ecosystems are subject to manifold 

pressures, such as anthropogenic climate change, land-use change, air pollution or invasive 

species (FAO 2016). Due to the long life cycle of trees hampering fast adaption to changing 

environmental conditions, forests are considered to be particularly sensitive to rapid climate 

change (Lindner et al. 2010, Seidl et al. 2011c). 

In Europe, the majority of forests is managed and the share of mixed-species forest stands is 

steadily increasing (Alberdi Asensio et al. 2015). Negative climate-induced impacts on forest 

productivity are expected predominantly for southern and continental areas due to increasing 

drought and fire risks (Lindner et al. 2010, Hanewinkel et al. 2013, Lindner et al. 2014, Reyer 

et al. 2014, Reyer 2015, Schelhaas et al. 2015). Positive effects are likely to occur in terms of 

rising forest productivity in temperature-limited forests (Briner et al. 2013, Reyer et al. 2014), 

although these effects may be offset by water limitations (Briceño-Elizondo et al. 2006, 

Bugmann et al. 2015) and changing disturbance regimes (Seidl et al. 2017). In response to 

increasing temperatures and changes in the precipitation regime, tree species ranges are 

projected to shift poleward and upward in elevation (Peñuelas and Boada 2003, Bertrand et al. 

2011, Hanewinkel et al. 2013, Lenoir and Svenning 2013). Thus, during the coming decades, 

the impacts of anthropogenic climate change are expected to significantly alter the productivity 

(Boisvenue and Running 2006, Choat et al. 2012), structure (Elkin et al. 2013) and composition 

(Hanewinkel et al. 2013, Mette et al. 2013, Bugmann et al. 2015) �R�I���W�R�G�D�\�¶�V���I�R�U�H�V�W�V, coming 

along with pervasive and long-lasting ecological, economic and social consequences (Allen et 

al. 2010, Anderegg et al. 2013, Hanewinkel et al. 2013). 

In contrast to many other types of terrestrial ecosystems, forests have the capability of providing 

multiple ecosystem services from the same parcel of land. However, due to their relatively slow 

development, sustainable forest planning and management needs to apply a long-term planning 

horizon and balance multiple trade-offs regarding societal demands for forest goods and 
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services (Alberdi Asensio et al. 2015). Yet, good practices are challenged due to changing 

conditions (Messier et al. 2019) that may cause unprecedented, highly dynamic and complex 

responses of forests in time and space (Spiecker 2003, Millar et al. 2007, Walther 2010, Ruiz-

Benito et al. 2013, Seidl and Lexer 2013, Lindner et al. 2014, HilleRisLambers et al. 2015, 

Gazda et al. 2019). Thus, research aiming at (1) understanding observed forest responses to past 

climate change or extreme events (e.g., Anderegg et al. 2013) and (2) providing robust 

projections of the potential impacts of future climate change on forest ecosystems (e.g., 

Temperli et al. 2012, Hanewinkel et al. 2013) is needed to support management decisions 

(Ammer et al. 2018, Messier et al. 2019). In particular, an improved mechanistic understanding 

is necessary to provide the scientific foundation for managing mixed-species forest stands 

(Spiecker 2003, Kolstrom et al. 2011, Seidl et al. 2011a).  

To analyze forest ecosystems and their dynamics, simulation models, in particular process-

based or mechanistic models, have been developed (Haefner 2005, Pretzsch et al. 2008, Reyer 

et al. 2015). Such models represent the dynamics of forests (or other ecosystems) by a series of 

mathematical equations (Swartzman and Kaluzny 1987). Dynamic vegetation models (DVMs) 

are useful tools for climate change projections of forest ecosystems because they allow for 

simulating dynamic transitions under non-steady state conditions while considering key 

interactions between processes (e.g., between mortality and regeneration; Snell et al. 2014). 

Yet, most applications of DVMs in previous climate impact studies have either adopted a large-

scale approach (i.e., continental to global level; Hickler et al. 2012, Chang et al. 2017) or 

focused on a few case study sites or regions (e.g., Seidl et al. 2011b, Hlásny et al. 2014, 

Maroschek et al. 2015, Mina et al. 2017). While large-scale approaches neglect a multitude of 

factors affecting local forest dynamics such as topography (Johnstone et al. 2010, Engler et al. 

2011), local soil conditions (De Cáceres et al. 2015, Walthert and Meier 2017) or stand structure 

and species composition (Pretzsch 2009, Ruiz-Benito et al. 2013), the transferability of findings 

gained from case studies may be limited because European forests and management practices 

are highly diverse (Reyer et al. 2015).  

Moreover, uncertainty in model projections is considerable (e.g., Bugmann et al. 2019) due to 

various sources, such as future greenhouse gas emissions (IPCC 2014), climate change 

projections ���.�Q�X�W�W�L�� �D�Q�G�� �6�H�G�O�i�þ�H�N�� ����������, the ecological data and models used to assess the 

impacts of climate change on forest ecosystems (e.g., Reyer 2015, Snell et al. 2018, Bugmann 

et al. 2019) or changing societal demands for forest goods and services (Alberdi Asensio et al. 
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2015). Although it was emphasized that model projections should explore uncertainty ranges 

(Lindner et al. 2014), impact studies typically focus on the uncertainties arising from the choice 

of the climate change scenario alone (Fyllas and Troumbis 2009, Manusch et al. 2014) or 

compare projections across different models (Nishina et al. 2015, Ito et al. 2017). Yet, few 

climate change impact studies for forests have simultaneously accounted for uncertainties 

arising from different sources and decomposed them systematically (but see Horemans et al. 

2016, Kalliokoski et al. 2018). Thus, robust knowledge about local impacts over larger areas 

(i.e., regions to countries) is still lacking for proactive forest planning and the resulting 

operational management (Reyer et al. 2015). 

Forest gap models (FGMs) are a type of DVMs that have been introduced to project population 

dynamics and forest succession of uneven-aged, mixed-species stands (Botkin et al. 1972). 

These models simulate the establishment, growth and mortality of individual trees or cohorts 

(i.e. groups of trees of the same size and species) as a function of biotic (i.e., competition) and 

abiotic site-specific (i.e., temperature, water availability, soil conditions) factors (Bugmann 

2001, Larocque et al. 2016). FGMs include stochastic components to account for factors that 

are not represented explicitly in the model. They simulate forest dynamics for small patches of 

land (Bugmann 2001), with the size of a patch corresponding to the size of a canopy gap created 

by the death of a dominant large tree (Watt 1947). By the aggregation of the small independent 

patches, forest stands are represented as a dynamic vegetation mosaic (Shugart 1984). In 

contrast to most dynamic global vegetation models (e.g., LPJ-GUESS, Cramer et al. 2001), 

FGMs are parameterized for individual tree species and thus allow for simulating interspecific 

competition at the local scale. This makes them suitable to assess the future development of 

�W�R�G�D�\�¶�V��forests under changing environmental conditions with respect to their productivity, 

structure and species composition while accounting for site-specific factors (Snell et al. 2014). 

Since the introduction of the first FGM, i.e., JABOWA (Siccama et al. 1969, Botkin et al. 1972), 

a large number of FGMs has been developed worldwide for all major forest biomes (Larocque 

et al. 2016, Shugart et al. 2018). Although these models differ with regard to the underlying 

process representations and the level of complexity (Shugart 1984, Kimmins 2004, Larocque 

et al. 2016), many FGMs maintain core assumptions of the JABOWA model (Bugmann 2001, 

Keane et al. 2001). In the first decades after their introduction, JABOWA-type models were 

predominantly used to study species composition and biomass along environmental gradients 

in a local to regional context over time (Shugart 1984). Thus, model verification and validation 
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efforts focused primarily on patterns regarding species composition and biomass and mostly 

referred to equilibrium conditions, i.e. when the forest is modeled as being in equilibrium with 

current climatic conditions (Shugart 1984, Loehle and LeBlanc 1996, Bugmann 2001).  

More recently, a number of reviews on FGMs have identified future research needs, especially 

in the context of climate change assessments (Loehle and LeBlanc 1996, Bugmann 2001, Keane 

et al. 2001, Price et al. 2001). As a consequence, major efforts were undertaken to improve the 

representation of core processes in FGMs and other DVMs such as regeneration (e.g., Didion 

et al. 2011), mortality (Bircher et al. 2015, Hülsmann et al. 2018), light extinction through the 

canopy (e.g., Courbaud et al. 2003, Brazhnik and Shugart 2016) and the inclusion of additional 

processes, such as seed production or phenology (e.g., Van der Meer et al. 2002). Moreover, 

the importance of management and disturbances has been increasingly recognized (Seidl et al. 

2011a). Thus, management and disturbance algorithms were introduced, depicting a wide range 

of silvicultural practices (e.g., Seidl et al. 2008, Kint et al. 2009, Rasche et al. 2011, Lafond et 

al. 2014) and disturbance regimes (e.g., Fyllas and Troumbis 2009, Gutiérrez and Huth 2012). 

Overall, these developments widened the focus of DVMs applications in general. In the 

particular case of FGM applications, the focus shifted from competition and succession in close-

to-natural forests towards more applied research of specific and managed forest stands 

(Larocque et al. 2016, Shugart et al. 2018).  

These developments profited from increasing data availability, computing power, 

methodological progress and guidelines for good modeling practice (Larocque et al. 2016, 

Shugart et al. 2018). For example, the increasing availability of empirical data allows for 

including empirical relationships in process formulations (e.g., Hülsmann et al. 2018), deriving 

estimates for model parameters and reducing their uncertainties (Hartig et al. 2012), and 

verifying and validating model outputs quantitatively against inventory data (e.g., Courbaud et 

al. 2015, Mina et al. 2015). Increasing computing power is reducing limitations regarding the 

complexity of process representations (e.g., Courbaud et al. 2003, Brazhnik and Shugart 2016) 

and allows the application of computationally expensive novel methods in the model 

development process (e.g., Courbaud et al. 2015), such as global techniques of uncertainty and 

sensitivity analysis (e.g., Pappas et al. 2013) or inverse modeling approaches (Hartig et al. 

2012). Thus, these developments have contributed substantially to an increasing practical 

relevance of FGMs and other DVMs, a field of application that was rather marginal in Europe 

for a long time (Pretzsch et al. 2008).  
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Despite the relaxation of constraints regarding data availability or computing power, the 

development of process-based models is still a major challenge because many processes are 

involved and interact across temporal and spatial scales (Bugmann et al. 2000) and, so far, few 

FGMs have found widespread application across Europe. This may be due to parameterization 

problems (van Oijen et al. 2013) and insufficient representation of mechanisms (Molina-

Herrera et al. 2015) affecting forest ecosystems in some biomes or sites but not in others. 

Parameterization problems may be due to insufficient or unbalanced data availability, the large 

parameter space, or genetic adaption of species to local properties across their geographical 

range (Oleksyn et al. 1998, Gunderson et al. 2000, Eysteinsson et al. 2009, Soolanayakanahally 

et al. 2009, Evans et al. 2014). Furthermore, process importance and the strength of the 

interaction between processes may not necessarily be constant in time and space. Thus, most 

development efforts typically simplify this daunting complexity by focusing model 

improvements on a single process in isolation (e.g., mortality; Manusch et al. 2012, Bircher et 

al. 2015, Hülsmann et al. 2016). Yet, due to process interactions, such model development 

efforts �D�U�H���D�W���U�L�V�N���R�I���µ�J�H�W�W�L�Q�J���W�K�H���U�L�J�K�W���S�D�W�W�H�U�Q�V���I�R�U���W�K�H���Z�U�R�Q�J���U�H�D�V�R�Q�¶�����L���H�������P�L�V�V�L�Q�J���H�F�R�O�R�J�L�F�D�O��

reality) as they fail to consider interactions and feedbacks among processes in the model. When 

the performance of the revised model is tested for a specific application of interest only, 

deteriorations of model performance in other fields of application may be undetected. Some 

recent studies have shown that model calibration to specific conditions in time or space may 

lead to a deterioration of model performance when the model is applied to other conditions 

(Bircher 2015, Gutierrez et al. 2016). However, few studies have systematically explored the 

behavior of revised models for a broad set of applications. Thus, recently, the plea has been 

made to jointly revisit ecological processes at the core of DVMs (Bircher 2015, Hülsmann et 

al. 2018). Consequently, a comprehensive improvement of FGMs has to consider multiple 

processes as well as test the model to a wide set of applications across a range of spatial and 

temporal scales.  

This thesis follows a comprehensive and integrative approach by bridging various fields of 

model applications with the aim of enhancing the general applicability of the state-of-the-art 

FGM ForClim (Bugmann 1996) and increasing the robustness of its projections. Specifically, 

these efforts were geared towards �W�K�H���P�R�G�H�O�¶�V���X�V�H���I�Rr large-scale assessments of local impacts 

of climate change, representing a current research frontier in FGMs and in DVMs in general 

(Shugart et al. 2018). �7�K�L�V���S�U�R�M�H�F�W���Z�D�V���S�D�U�W���R�I���W�K�H���&�2�6�7���$�F�W�L�R�Q���3�5�2�)�2�8�1�'�����³�7�R�Z�D�U�G�V���U�R�E�X�V�W��
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PROjections of European Forests UNDer climate ch�D�Q�J�H�´�����D�L�P�L�Q�J���D�W���S�U�R�Y�L�G�L�Q�J���P�R�U�H���U�H�O�L�D�E�O�H��

information about the uncertainty of model projections to decision makers. PROFOUND 

provides a step of fundamental importance in establishing a harmonized and integrated 

European forest database for systematic multi-model comparisons (Reyer et al. in prep.) and in 

developing standards and tools for model parameterization, calibration, evaluation and 

comparison (e.g., Hartig et al. 2019). The present thesis is partly based on the PROFOUND 

database (i.e. forming the foundation for European-scale model-data comparisons), but goes 

beyond the purpose of this project by establishing new standards for evaluating the internal 

consistency and improving the generality at the individual FGM level. The model 

improvements and insights gained during this thesis will however feed back into follow-up 

projects of PROFOUND, as for instance in the form of the recently started FORMASAM 

�S�U�R�M�H�F�W�����µ�)�R�U�H�V�W���0�D�Q�D�J�H�P�H�Q�W���6�F�H�Q�D�U�L�R�V���I�R�U���$�G�D�S�W�D�W�L�R�Q���D�Q�G���0�L�W�L�J�D�W�L�R�Q�¶�����R�I���W�K�H��European Forest 

Institute (EFI). 

Objectives and structure of the thesis 

The objective of this thesis is to assess and increase the internal consistency of ForClim to 

derive a better understanding of ecological processes and more reliable model applications 

across a broad range of spatial and temporal scales. ForClim is a state-of-the-art FGM 

developed to simulate tree species composition in the European Alps (Bugmann 1994, 

Bugmann 1996). Since the mid-1990s, ForClim has been progressively expanded and applied 

to natural and managed temperate forests (e.g., Rasche et al. 2011, Bircher et al. 2015, Gutierrez 

et al. 2016, Mina et al. 2017, Morin et al. 2018). To improve the generality and thus expand the 

applicability of ForClim towards larger spatial scales, the following steps were addressed within 

this thesis. Firstly, a sensitivity analysis was conducted to identify key parameters and processes 

for further model development (Chapter 1). Based on these findings, core process 

representations were revisited and improved (Chapters 2 and 3). Ultimately, the revised model 

was used in an upscaling approach bridging the gap between locally accurate projections and a 

large-scale (i.e., national level) climate impact assessment (Chapter 4).  

Chapter 1 

Sensitivity analysis is a key tool for an improved model understanding, assessing its 

consistency, and identifying key parameters and processes causing high variability in model 
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outputs (Schmolke et al. 2010, Grimm et al. 2014). This knowledge supports the identification 

of targeted model improvements (process representations and calibration) and data that might 

be most suitable to reduce the variance of model outputs (Saltelli et al. 2000, Cariboni et al. 

2007). Yet, parameter sensitivity is expected to vary over time (e.g., Wang et al. 2013) and with 

species composition, stand structure and site conditions (e.g., Pappas et al. 2013, Collalti et al. 

2019). In this chapter, I thus systematically evaluated ForClim�¶�V�� �S�D�U�D�P�H�W�H�U�� �V�H�Q�V�L�W�L�Y�L�W�\��on 

projected species basal area by applying the revised Morris screening method (Morris 1991, 

Campolongo et al. 2007, Cariboni et al. 2007). Thereby, I considered a) possible temporal 

changes in parameter sensitivity by separating the early-successional from the late-successional 

response; b) possible effects of stand composition on parameter sensitivity by considering both 

monospecific and mixed-species stands; and c) possible site effects on parameter sensitivity by 

conducting the analysis on 30 representative sites across Europe covering a wide ecological 

gradient. �7�K�H�� �V�S�H�F�L�I�L�F�� �R�E�M�H�F�W�L�Y�H�V�� �Z�H�U�H���� ������ �W�R�� �H�Y�D�O�X�D�W�H�� �W�K�H�� �P�R�G�H�O�¶�V�� �V�H�Q�V�L�W�L�Y�L�W�\�� �W�R�� �W�K�H�� �G�L�I�I�H�U�H�Q�W��

parameters and processes over a large, environmentally heterogeneous area; 2) to assess the 

�H�F�R�O�R�J�L�F�D�O�� �S�O�D�X�V�L�E�L�O�L�W�\�� �R�I�� �)�R�U�&�O�L�P�¶�V�� �S�D�U�D�P�H�W�H�U�� �V�H�Q�V�L�W�L�Y�L�W�\���� ������ �W�R�� �L�G�H�Q�W�L�I�\�� �N�H�\�� �S�U�R�F�H�V�V�H�V�� �D�Q�G��

parameters that should be prioritized in subsequent model development and analysis. 

Chapter 2 

In Chapter 2, I assessed the performance of the currently applied formulation for potential 

evapotranspiration (PET) at forested FLUXNET sites and compared it to the performance of 

alternative formulations due to the following reasons: (1) water limitations represent an urgent 

research need in view of climate change (Cook et al. 2014, IPCC 2014, Allen et al. 2015); (2) 

the sensitivity analysis revealed that ForClim was highly sensitive to water-related parameters 

across most of the European continent; (3) the representation of PET is a main driver in the 

water balance of DVMs; (4) low model performance at high latitudes was suspected to be due 

to an overestimation of PET, a phenomenon described by other studies (e.g., Fisher et al. 2011). 

I made use of site-specific weather and evaporation data provided by the FLUXNET database 

(Baldocchi et al. 2001) of forest sites located in several climate types and including both water- 

and energy-limited sites. Specifically, the following questions were addressed: 1) which 

formulation of potential evapotranspiration (PET) performs best in the context of �)�R�U�&�O�L�P�¶�V��

water module when confronted with empirical data from 25 forested FLUXNET sites?; 2) does 

�W�K�H���S�H�U�I�R�U�P�D�Q�F�H���R�I���)�R�U�&�O�L�P�¶�V���Z�D�W�H�U���P�R�G�X�O�H���D�Q�G���W�K�H���3�(�7���I�R�U�P�X�O�D�W�L�R�Q���G�H�S�H�Q�G���R�Q���W�K�H���F�O�L�P�D�W�H��

type? 
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Chapter 3 

Many efforts have aimed at improving process representations in DVMs (Larocque et al. 2016), 

whereby most of them focused on single processes (e.g., Chuine and Beaubien 2001, Courbaud 

et al. 2003, Didion et al. 2011). Yet, process interactions involve the risk of implementing 

alternative formulations that best fit to the rest of the model. In order to address the multiple 

pleas that were made in the literature to jointly revisit core processes (Bircher 2015, Hülsmann 

et al. 2018) and since the results of Chapter 1 pointed at a high sensitivity of ForClim to various 

processes (Huber et al. 2018), I scrutinized the representation of these processes and the 

consistency of their interplay. Based on ecological theory and diverse sources of empirical data, 

I developed a set of alternative representations for the core ecological processes of tree 

establishment, growth and mortality, as well as light extinction through the canopy. I applied a 

pattern-oriented modeling (POM; Grimm et al. 2005) approach to test all combinations of the 

standard and alternative formulations against a comprehensive set of patterns for diverse model 

applications across a wide range of site conditions. A pattern denotes a characteristic, clearly 

identifiable structure in the nature of the modeled system itself or in field data (Grimm et al. 

1996) such as basal area, dominant species or diameter increment over time. In particular, the 

following questions were addressed: (1) Are modifications in more than one process needed to 

improve model performance across applications? (2) Which combination(s) of process 

formulations yield(s) the highest model performance, and what can we infer from these insights 

regarding the long-term dynamics of temperate forests? 

Chapter 4 

The increasing impacts of climate change on forest ecosystems have triggered a rising number 

of modelling projects to assess future ecosystem responses. However, as most previous studies 

have either focused on purely climate-based impacts at large scales (i.e., continental to global 

level) or on a small number of specific case studies that also addressed the role of management, 

substantial uncertainty remains about local impacts at the level that is relevant for forest 

planning. The lack of robust knowledge about the future dynamics of typical forest stands at 

the local to regional scale is particularly problematic for forward-looking management 

approaches that are sorely needed given the slow development of forest ecosystems. I used the 

revised ForClim model to study the climate sensitivity of stand basal area and species 

composition of Swiss forest stands in order to provide more nuanced projections for proactive 
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climate-related forest planning. Two types of simulations were conducted, where one was 

limited to the current local species pool and the other enabled the immigration of new, 

potentially more climate-adapted species. Moreover, I quantified and decomposed the 

uncertainty in the projections resulting from the climate change scenarios, local site conditions 

and structural model uncertainty (i.e., represented by different model versions). In particular, 

the following questions were addressed: (1) Which stands are expected to be subject to adverse 

impacts of climate change and can these be mitigated by enriching the local species pool? (2) 

How large are the uncertainties in model projections? How much of the variability in future 

climate change impacts is due to the choice of the climate change scenario, the local soil 

conditions, and the forest model? 
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Abstract 

Accurately predicting the dynamics of tree species productivity as well as their ranges at large 

scales is of key importance for assessing the impact of global change on forests. Dynamic 

vegetation models (DVMs), particularly forest gap models (FGMs), have been suggested as 

suitable tools for such joint predictions. However, DVMs generally feature a large number of 

parameters that need to be estimated and may cause considerable uncertainty in model outputs. 

In addition, model sensitivity may depend on environmental conditions, stand composition and 

development stage. We systematically evaluated the parameter sensitivity on simulated basal 

area of the state-of-the art FGM ForClim along a wide ecological gradient to analyze model 

behavior and identify key parameters and processes that cause the highest variability in model 

output. We applied the revised Morris screening method at 30 representative sites across 

Europe, and compared results for monospecific and mixed stands at two system states in time, 

i.e. early and late succession (dynamic equilibrium). The most influential parameters were 

related to tree establishment, the water and light regimes, growth and temperature, whereby the 

relative parameter influence of the latter strongly varied with climate. Further, model sensitivity 

differed between monospecific and mixed stands as well as between early and late succession, 

reflecting the differential influence of ecological processes with stand structure. We conclude 

that the parameter sensitivity of complex models should be analyzed individually for several 

system states of interest. We recommend to focus the further development (process 

representation and calibration) and analysis of FGMs on process representations related to 

establishment, water limitations and phenology to improve the robustness of model predictions. 

We provide recommendations for specific improvements of FGMs to better represent range 

dynamics. 

 

Keywords: Europe, ForClim, Forest gap model, Morris screening method  
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1. Introduction 

Accurately predicting tree species productivity as well as tree species ranges and range shifts 

at large scales is of key importance for assessing the impact of global change on ecosystems 

and the multiple ecosystem services they provide (e.g., Hanewinkel et al., 2013; Montoya and 

Raffaelli, 2010). Climate change has been shown to affect the geographical range of tree species 

(Walther et al., 2002) and productivity (Boisvenue and Running, 2006). Since forests are long-

lived ecosystems, it is of key interest to understand transient dynamics (i.e., non-equilibrium 

situations) that result from changes in environmental drivers, succession, and large-scale 

disturbances. Moreover, while studying species range shifts, impacts of interspecific 

competition should be considered instead of focusing on climatic changes only (e.g., Araujo 

and Luoto, 2007; Brooker et al., 2007; Bullock et al., 2000; Meier et al., 2012; Nieto-Lugilde 

et al., 2015). 

Currently, two broad approaches are used to model forest productivity and plant distributions, 

namely correlative and process-based approaches. To model plant distributions, correlative 

�V�S�H�F�L�H�V�� �G�L�V�W�U�L�E�X�W�L�R�Q�� �P�R�G�H�O�V�� ���6�'�0���� �U�H�O�D�W�H�� �V�S�H�F�L�H�V�¶�� �S�U�H�V�H�Q�F�H-absence data to environmental 

predictor variables (Elith and Leathwick, 2009; Guisan and Zimmermann, 2000) and use these 

correlations �W�R�� �S�U�R�M�H�F�W�� �V�S�H�F�L�H�V�¶�� �R�F�F�X�U�U�H�Q�F�H�� �S�U�R�E�D�E�L�O�L�W�L�H�V�� �X�Q�G�H�U�� �F�K�D�Q�J�L�Q�J�� �F�R�Q�G�L�W�L�R�Q�V���� �7�K�H�\��

however assume that species distributions are in equilibrium with the environment (Guisan and 

Theurillat, 2000), and thus are not able to describe transient dynamics. Moreover, they do not 

estimate forest productivity directly, but apply allometric regression equations (e.g., Jenkins et 

al., 2003; Pastor et al., 1984). On the contrary, dynamic vegetation models (DVMs) explicitly 

simulate population processes such as establishment, growth and mortality as well as intra- and 

interspecific competition through time (Bugmann, 2001; Snell et al., 2014). Thus, in addition 

to allowing for �W�K�H���G�L�U�H�F�W���H�V�W�L�P�D�W�L�R�Q���R�I���V�S�H�F�L�H�V�¶���S�U�R�G�X�F�W�L�Y�L�W�\�����W�K�H�V�H��models enable the analysis 

of non-equilibrium situations (Shugart, 1998). Thus, DVMs should be preferred for projecting 

future forest productivity and species distribution (Snell et al., 2014).  

However, few DVMs have been used to this end with a species-specific resolution (but see 

Gutierrez et al., 2016; Hickler et al., 2012; Morin et al., 2008). Forest gap models (FGMs) are 

DVMs that simulate the establishment, growth and mortality of individual trees or cohorts on 

small patches, representing the processes that lead to canopy gaps by the death of a dominant 

large tree as a function of biotic and abiotic factors (Bugmann, 2001). Several hundred FGMs 
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have been developed worldwide across all major forest biomes (Kimmins, 2004). The state-of-

the-art FGM ForClim (Bugmann, 1996) was originally developed to simulate the dynamics of 

temperate mountain forests in Central Europe, but was later successfully applied and tested 

against observations in other parts of Europe (e.g., Mina et al., 2017; Rasche et al., 2013) and 

elsewhere, e.g. in North America (Bugmann and Solomon, 2000; Gutierrez et al., 2016) or 

China (Shao et al., 2001). 

To further enhance model applications across a broad range of spatial and temporal scales as 

well as the robustness of model projections, it is essential to improve the understanding of 

model behavior, assess its consistency, and identify key parameters and processes that have 

strong effects on model outputs. This knowledge supports the identification of targeted model 

improvements (process representations and calibration) and data that might be most suitable to 

reduce the variance of the output of interest. Since DVMs are most often complex and feature 

a large parameter space, sensitivity analyses (SA) represent an important step in the iterative 

modeling cycle (Augusiak et al., 2014; Courbaud et al., 2015; Grimm and Railsback, 2005; 

Saltelli et al., 2000). SAs allow for estimating the effects of variations in parameter values on 

model outputs and thus identify subsets of parameters that have strong effects on model outputs 

(Saltelli et al., 2000). Since the framework of DVMs implies that the sensitivity of the 

implemented processes should reflect the sensitivity of the real processes (Pappas et al., 2013; 

Saltelli et al., 2000), SAs are able to highlight model limitations and directions of further 

improvements (Cariboni et al., 2007; Saltelli et al., 2000). 

However, few comprehensive SAs of DVMs, and particularly FGMs, have been accomplished 

to date, and none of these were conducted at larger spatial scales such as an entire continent 

(c.f., Bugmann, 1996; Courbaud et al., 2015; Leemans, 1991; Pappas et al., 2013; Tian et al., 

2014; Wang et al., 2013; Wramneby et al., 2008; Zaehle et al., 2005). Moreover, there is yet 

little consensus about the respective influence of the processes at different temporal and spatial 

scales, or for different species assemblages (e.g., monospecific vs. mixed stands). Due to non-

equilibrium conditions, it is however likely that relative process influence is not constant over 

time and varies with site conditions, stand structure, and species composition. Therefore, the 

overall aim of this study was to systematically evaluate the parameter sensitivity of a state-of-

the-art FGM, ForClim, at the scale of the entire European continent. Since most FGMs are 

based on the same (JABOWA) framework, a study of the influence of the underlying processes 

and parameters is of broad interest for other models adhering to this framework as well. 
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Our specific objectives were:  

1) to evaluate the model�¶�V sensitivity to the different parameters and processes over this large, 

environmentally heterogeneous area. Specifically, we considered  

a. possible temporal changes in parameter sensitivity by separating the early-successional 

from the late-successional response; 

b. both monospecific and mixed-species stands to investigate model behavior under intra-

specific and inter-specific competition; 

2) �W�R���D�V�V�H�V�V���W�K�H���H�F�R�O�R�J�L�F�D�O���S�O�D�X�V�L�E�L�O�L�W�\���R�I���W�K�H���)�*�0�¶�V���S�D�U�D�P�H�W�H�U���V�H�Q�V�L�W�L�Y�L�W�\���� �H�V�S�H�F�L�D�O�O�\���Z�K�H�Q��

applying ForClim at the continental scale, i.e. beyond the range it was developed for; 

3) to identify key processes and parameters that should be prioritized in subsequent model 

development (process representation and calibration) and analysis to further enhance the 

applicability of ForClim and other FGMs, especially with regard to predicting species 

ranges and range shifts. 

2. Material and methods 

2.1 The forest gap model ForClim 

ForClim (v3.3 351; Mina et al., 2015) is a modular FGM initially developed to predict tree 

species composition in the European Alps (Bugmann, 1994; Bugmann, 1996). The model is 

parameterized for >30 central European tree species and was found to be applicable across a 

wide range of environmental conditions in temperate forests of central Europe and on other 

continents (e.g., Bugmann and Solomon, 2000; Gutierrez et al., 2016; Shao et al., 2001). Each 

species is characterized by a set of species-specific parameters, in addition to general ecological 

and site-related parameters (Table 1). The parameter space is thus of the order of 500. ForClim 

is composed of four sub-models. In the WEATHER and WATER sub-models, the bioclimatic 

indices for the PLANT sub-model are derived from climatic and soil input data. In the PLANT 

sub-model, establishment, growth and mortality of trees are simulated at yearly time steps on 

independent patches. The MANAGEMENT sub-model allows to simulate a wide range of 

planting, cutting and thinning techniques (Rasche et al., 2011), but it was not used in the present 

study. Disturbances extrinsic to the forest patch were not considered here, either (e.g., 

windthrow or fire). All parameters relevant for this study are presented in Table 1. 
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2.1.1 WEATHER and WATER sub-models 

The WEATHER sub-model yields yearly minimum winter temperature and the annual and 

seasonal sums of degree-days sampled from monthly long-term means and standard deviations 

of temperature and log-normally distributed precipitation data (Bugmann, 1996). In the 

WATER sub-model, monthly drought indices are derived based on a modified version of the 

soil water balance model by Thornthwaite and Mather (1957) with one soil layer (Bugmann 

and Cramer, 1998; Bugmann and Solomon, 2000). The monthly drought indices are aggregated 

to seasonal and annual drought indices for deciduous and evergreen species, respectively, which 

are used to simulate species-specific drought responses. Three site-specific parameters are used: 

soil �µbucket�¶ size (kBS), representing the plant-available water in the soil; geographical latitude; 

and a slope and aspect correction factor (kSlAsp), which accounts for effects of the terrain on 

potential evapotranspiration due to varying incident radiation (Bugmann and Cramer, 1998; 

Bugmann, 1996). 

2.1.2 PLANT sub-model 

2.1.2.1 Natural regeneration 

Establishment is possible only when a set of species-specific environmental and biotic 

constraints is fulfilled. These are formulated as Boolean variables that either allow 

establishment or prevent it (Bugmann, 1996). The following variables (filters) are considered: 

soil moisture, winter temperature, the sum of growing degree-days, light availability and 

browsing pressure (Bugmann, 1996; Didion et al., 2009a). If establishment is allowed for a 

species, trees establish as a cohort (group of trees of one species with identical age) of saplings 

with a dbh (diameter at breast height) of 1.27 cm. Because establishment also depends on 

factors not considered explicitly, establishment probability is reduced by a parameter (kEstP) 

that represents the average fraction of years in which establishment is possible when all species-

specific environmental and biotic conditions (filters) are fulfilled (Bugmann, 1996). When 

establishment takes place, the number of saplings in the cohort is calculated based on maximum 

sapling establishment rate (kEstDens), the size of the p�D�W�F�K���D�Q�G���W�K�H���V�S�H�F�L�H�V�¶���V�K�D�G�H���W�R�O�H�U�D�Q�F�H��

(kLa) (Bugmann, 1996; Risch et al., 2005). The latter serves as a proxy for species-specific 

rates of seed production (Risch et al., 2005).   
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2.1.2.2 Growth 

Tree growth is simulated for each cohort using the carbon budget model by Moore (1989) 

modified according to the following constraints: soil moisture, degree-day sum, nitrogen 

availability, light availability, and crown length (Bugmann, 1996; Didion et al., 2009a; Moore, 

1989). Besides these constraints, species-specific growth rate (kG) and maximum tree height 

(kHMax) are used to calculate diameter increment (Bugmann, 1996). Species-specific 

maximum tree height is reduced by two site-specific factors, i.e. unfavorable temperature and 

drought, resulting in a site-specific maximum height (Rasche et al., 2012).  

2.1.2.3 Mortality 

Mortality is simulated for each tree individually and consists of a constant background mortality 

and a stress-induced mortality. Background mortality is calculated using two parameters: 

species maximum age (kAMax) and a mortality probability coefficient (kDeathP). Stress-

induced mortality depends on recent radial growth: if diameter increment falls below a 

threshold (minimum absolute or relative diameter growth increment, respectively; kMinAbsInc 

and kMinRelInc) for a certain time period (number of years a tree can grow slowly without 

being subject to stress-induced mortality; kSGrT), then annual mortality is augmented by the 

mortality rate of slow-growing trees (kSlowGrP) (Bugmann, 1996). 

2.1.2.4 Competition 

ForClim explicitly simulates competition for light between cohorts but not competition for 

water. Light availability is calculated at the height of each cohort and at the forest floor as a 

function of leaf area index (LAI) (Bugmann, 1996; Didion et al., 2009b). The impact of shading 

depends on cumulative LAI and on the species-specific shade tolerance of adult trees (kLa) and 

saplings (kLy). The LAI of a cohort is derived from foliage traits (see Table 1 for parameter 

descriptions), which are defined for species types, crown length and dbh. Cumulative LAI 

determines available light across the vertical height profile of the patch and thus influences both 

growth and establishment directly. Increasing LAI of a cohort negatively affects growth of all 

smaller cohorts and thus may increase stress-induced mortality (Bugmann, 1996; Didion et al., 

2009b).   
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2.2 Study sites 

In order to investigate the parameter sensitivity of ForClim at the scale of the European 

continent, 30 sites were selected (Table 2). Thereby, the choice of the number of sites was 

subject to a trade-off between sufficient spatial and environmental coverage and computational 

limits, since 58,356 model runs were required at each site (see 2.3.2).  

Table 2: Description of the study sites. Site number refers to the map in Fig. A.1. Mean annual temperature (Ta) 
and precipitation sum (PPa) are given. EnZ denotes the Environmental Zone by Metzger et al. (2005): ALN �± 
Alpine North; BOR �± Boreal; NEM �± Nemoral; ATN �± Atlantic North; ALS �± Alpine South; CON �± Continental; 
ATC �± Atlantic Central; PAN �± Pannonian; LUS �± Lusitanian; MDM �± Mediterranean Mountains; MDN �± 
Mediterranean North; MDS �± Mediterranean South. 

Site EnZ Latitude  
[°N] 

Longitude 
[°E] 

Elevation 
[m a.s.l.] 

Ta 
[°C] 

PPa 
[mm] 

Country 

1 ALN 64.5 12.9 648 2.1 1376 Norway 
2 BOR 60.8 12.4 373 3.6 690 Sweden 
3 BOR 61.4 9.4 1151 -1.0 799 Norway 
4 BOR 69.4 30.2 179 0.6 511 Russia 
5 BOR 58.1 26.4 133 5.5 666 Estonia 
6 BOR 65.7 19.3 474 -0.5 573 Sweden 
7 NEM 53.9 27.5 192 6.8 674 Belarus 
8 NEM 57.5 14.3 250 5.7 748 Sweden 
9 NEM 59.1 16.5 21 7.0 612 Sweden 
10 ATN 53.3 7.2 0 9.5 804 Netherlands 
11 ALS 43.3 19.3 972 8.3 1082 Montenegro 
12 ALS 45.5 6.9 1771 4.5 1092 France 
13 CON 51.2 13.6 123 9.5 604 Germany 
14 CON 49.4 26.4 306 7.8 645 Ukraine 
15 CON 50.2 10.8 263 8.9 622 Germany 
16 CON 51.3 21.7 163 8.0 520 Poland 
17 ATC 51.5 -3.5 48 10.4 1137 United Kingdom 
18 ATC 51.4 0.3 14 10.9 627 United Kingdom 
19 ATC 48.2 4.9 317 9.7 938 France 
20 PAN 46.1 21.3 114 11.2 587 Romania 
21 PAN 46.0 29.9 51 11.0 419 Ukraine 
22 PAN 48.2 28.2 230 8.6 593 Moldova 
23 LUS 40.1 -7.9 750 13.1 1181 Portugal 
24 MDM 42.8 -6.0 1021 10.5 725 Spain 
25 MDM 37.3 -3.4 1317 12.8 574 Spain 
26 MDM 40.6 31.3 1555 7.3 741 Turkey 
27 MDN 41.2 16.5 92 16.0 523 Italy 
28 MDN 39.0 -2.6 885 14.0 409 Spain 
29 MDN 37.1 22.7 1082 11.4 794 Greece 
30 MDS 38.6 21.6 67 17.1 859 Greece 
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We used conditioned Latin hypercube sampling (cLHS; Minasny and McBratney, 2006) to 

select 30 representative sites from a 10x10 km² European grid (11°W, 32°E, 34°S, 72°N). The 

following ancillary variables were applied: latitude, longitude, annual mean temperature, 

annual precipitation sum, elevation (ASTER Global DEM) and the 13 Environmental Zones 

(EnZ) of the Environmental Stratification of Europe (Metzger et al., 2005). Latitude and 

longitude were incorporated to ensure maximum spatial coverage of the selected sites, while 

the other variables were included to account for climatic and topographical variation within 

Europe. For the climate data, long-term annual and monthly means were calculated for the 

period 1980 to 2009 from a gridded database (ClimateEU v4.63; Hamann et al., 2013). The 

same climate data were used to run the model for the SA. Details on the site selection are given 

in Appendix A.1. 

2.3 Sensitivity Analysis 

2.3.1 The revised Morris screening method 

Given the large parameter space of ForClim, we used the revised Morris screening method 

(Campolongo et al., 2007; Cariboni et al., 2007; Morris, 1991) that aims at identifying the most 

influential parameters at relatively low computational cost for models with many parameters 

and/or long run time. The method has been found to be quite reliable, returning rankings similar 

�W�R�� �W�K�H�� �P�H�W�K�R�G�� �R�I�� �6�R�E�R�O�¶��(Sobol', 1993) (Confalonieri et al., 2010; Herman et al., 2013; 

Wainwright et al., 2013; Wu et al., 2013), which often serves as benchmark for other SA 

methods (cf., Saltelli and Sobol', 1995).  

The sampling strategy of the Morris method is based on one-at-a-time (OAT) discrete �µjumps�¶ 

between p levels of parameter values, forming trajectories selected to maximize the exploration 

of the parameter space. For each trajectory and parameter, �µ�H�O�H�P�H�Q�W�D�U�\���H�I�I�H�F�W�V�¶���D�U�H���F�D�O�F�X�O�D�W�H�G��

describing how much the output changes if the respective parameter is varied from one level to 

a neighboring one. �7�K�H���D�E�V�R�O�X�W�H���P�H�D�Q���Y�D�O�X�H�����
���R�I���W�K�H���H�O�H�P�H�Q�W�D�U�\���H�I�I�H�F�W�V���R�I���D���S�D�U�D�P�H�W�H�U���L�V���D�Q��

estimator of its overall influence on the out�S�X�W�����Z�K�L�O�H���1���J�L�Y�H�V���W�K�H���U�H�V�S�H�F�W�L�Y�H���V�W�D�Q�G�D�U�G���G�H�Y�L�D�W�L�R�Q. 

�$���K�L�J�K���1 points towards interactions with other parameters and nonlinear effects (Campolongo 

et al., 2007; Morris, 1991). The number of simulations to run is given by s=r*(n+1), where r is 

the number of trajectories and n the number of parameters. 
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2.3.2 Implementation 

We used the morris �I�X�Q�F�W�L�R�Q���L�P�S�O�H�P�H�Q�W�H�G���L�Q���W�K�H���5���S�D�F�N�D�J�H���µ�V�H�Q�V�L�W�L�Y�L�W�\�¶ (Pujol et al., 2017). 

We performed separate SAs for monospecific and mixed stands, whereby species basal area 

(BA) was the output of interest. To reduce the complexity of the SA, we focused on seven tree 

species that feature diverse trait combinations and include the commercially most important 

species of Europe: Norway spruce (Picea abies), Scots pine (Pinus sylvestris), European beech 

(Fagus sylvatica), sessile oak (Quercus petraea), small-leaved lime (Tilia cordata), sweet 

chestnut (Castanea sativa) and holm oak (Quercus ilex). For the monospecific stands, an 

individual SA was run for each of the seven species at each site. For the mixed stands, one SA 

was conducted for each of the 30 sites, allowing all seven species to establish via natural 

regeneration���� �6�L�P�X�O�D�W�L�R�Q�V�� �V�W�D�U�W�H�G�� �I�U�R�P�� �µbare ground�¶ and ran for 1,000 years, representing 

dynamic-equilibrium conditions.  

All model parameters were included in the SAs, except for local climate, geographical latitude, 

patch size, disturbance probability and initial diameter at breast height of tree saplings (see 

Table 1 for parameter descriptions). This sums up to 17 parameters per species and 15 general 

and site-specific parameters. We varied each parameter within a range of plausible values, 

representing its uncertainty range, based on model-specific literature referring to the original 

parameter estimation procedure or literature surveys (Table 1). Since parameter ranges were 

very different, we set the argument scale of the morris function to TRUE to standardize all 

parameter ranges to [0,1].  

The number of levels p explored for each parameter depends on �W�K�H���S�D�U�D�P�H�W�H�U�¶�V��variation range 

and thus �R�Q���W�K�H���G�H�V�L�U�H�G���V�L�]�H���R�I���W�K�H���µjumps�¶. p should be an even number to ensure a symmetric 

treatment of parameters (Morris, 1991). By default, p was set to 4. For parameters with a very 

wide parameter range, p was increased to 6 to reduce the distance between the levels to herewith 

avoid overestimating their influence on model output �G�X�H�� �W�R�� �Y�H�U�\�� �O�D�U�J�H�� �µjumps�¶. For some 

categorical parameters, for which only integers are allowed as model input, p was set to 2  

(Table 1).  

The number of trajectories r should be as high as possible given the simulation costs, because 

higher r values provide a better coverage of the parameter space and reduce the uncertainty in 

the estimation of the sensitivity indices (Ciric et al., 2012). r was defined based on the results 

�R�I���D���S�U�H�O�L�P�L�Q�D�U�\���D�Q�D�O�\�V�L�V�����Z�K�H�U�H���Z�H���F�R�P�S�D�U�H�G���W�K�H�����������F�R�Q�I�L�G�H�Q�F�H���L�Q�W�H�U�Y�D�O�V���R�I���W�K�H�����
���Y�D�O�X�H�V��
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(derived from bootstrap selection) for a set of r values (cf., Appendix A.2). For the 

monospecific simulations, r was set to 3*n (n=17+15=32 parameters; r=96). For the mixed-

species simulations, r was set to 2*n (n=7*17+15=134; r=268). Thus, we ran 22,176 

(s=96*(32+1)*7) and 36,180 (s=268*(134+1)) simulations per site and a total of 665,280 and 

1,085,400 simulations for the monospecific and mixed-species case, respectively. 

To ensure that differences in the results between species or sites do not arise from differences 

in the sampling of the r trajectories (further explanation is given in Appendix A.3), we defined 

one unique experimental design (i.e., set of trajectories) for the SAs of monospecific and mixed 

stands, respectively: one unique design of 3,168 simulations (s=96*(32+1)) for the 

monospecific SAs, applied to each species and site; one unique design of 36,180 simulations 

for the mixed-species SAs, applied to every site. Since SA results can be biased by an 

unbalanced experimental design (e.g., some parameter levels are more represented than others), 

we selected the most balanced set of trajectories out of 100 possible sets for both cases 

(selection process described in Appendix A.3).  

2.4 Analysis of the results 

For the early-successional response, we analyzed the results of the sensitivity analysis 100 years 

after initialization from �µ�E�D�U�H���J�U�R�X�Q�G�¶. The late-successional response referred to the year 1,000 

���V�W�D�Q�G���L�Q���µdynamic �H�T�X�L�O�L�E�U�L�X�P�¶��. At each site, all species that did not reach a mean BA across 

all simulations of at least 2 m2/ha were excluded from the analysis because the environmental 

�F�R�Q�G�L�W�L�R�Q�V���D�W���W�K�H���V�L�W�H���Z�H�U�H���I�D�U���E�H�\�R�Q�G���W�K�H���V�S�H�F�L�H�V�¶��needs�����6�L�Q�F�H�����
���D�Q�G���1���Z�H�U�H���K�L�J�K�O�\���F�R�U�U�H�O�D�W�H�G��

(Fig. A.4), a pattern that was found for other models as well (e.g., Campolongo and Saltelli, 

1997), we focused the analysis on ���
, but checked for parameters expressing an unexpectedly 

�K�L�J�K���1 compared to ���
. As output of the morris function, the ���
���Y�D�O�X�H�V���Z�H�U�H���H�[�S�U�H�V�V�H�G���L�Q���X�Q�L�W�V��

of species BA, thus the higher species BA at a site, the higher were the ���
 values of the most 

influential parameters. Hence, when comparing or aggregating these values directly for 

different species and/or sites, we would �X�Q�G�H�U�H�V�W�L�P�D�W�H�� �W�K�H�� �P�R�G�H�O�¶�V�� �V�H�Q�V�L�W�L�Y�L�W�\�� �W�R�� �W�K�H�� �P�R�V�W��

influential parameters for the species or sites with low basal area. Thus, to allow for the 

comparison of relative parameter influence between sites and species, ���
���Y�D�O�X�H�V��were scaled 

for each site and species �W�R���U�D�Q�J�H���E�H�W�Z�H�H�Q�������D�Q�G�������Z�L�W�K���W�K�H���K�L�J�K�H�V�W�����
���Y�D�O�X�H���V�H�W���W�R���� (hereafter 

�Z�H�� �D�O�Z�D�\�V�� �U�H�I�H�U�� �W�R�� �W�K�H�� �V�F�D�O�H�G�� ���
�� �Y�D�O�X�H�V��. �3�D�U�D�P�H�W�H�U�V�� �Z�L�W�K�� �P�H�D�Q�� ���
�� �Y�D�O�X�H�V�� �•���������� �Z�H�U�H��

considered as influential. For each species, relative parameter influence was derived by 
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�F�D�O�F�X�O�D�W�L�Q�J�� �W�K�H�� �D�U�L�W�K�P�H�W�L�F�� �P�H�D�Q�� �R�I�� �W�K�H�� ���
�� �Y�D�O�X�H�V�� �R�I�� �H�D�F�K�� �S�D�U�D�P�H�W�H�U�� �R�Y�H�U�� �D�O�O�� �V�L�W�H�V�� �Z�K�H�U�H���W�K�H��

species was growing (i.e., reached a BA >2 m2/ha).  

For each species, we analyzed differences between both monospecific and mixed stands as well 

as between early and late succession. To aggregate the results of the seven species for each 

parameter, we �F�D�O�F�X�O�D�W�H�G�� �W�K�H�� �D�U�L�W�K�P�H�W�L�F�� �P�H�D�Q�� �R�I�� �W�K�H�� ��* values of each species. To further 

condense the results of the four system states, we created an overview figure (Fig. 1; cf., 

Appendix A.5 for the aggregation procedure) showing the overall influence of each parameter 

on model output and whether the influence of a parameter was related to a system state analyzed 

(e.g., whether a parameter was more influential for early than late succession). Further, we 

assigned the parameters to the following thematic groups to facilitate the interpretation of the 

results: water, temperature, nitrogen, light, establishment, growth and mortality (Table 1). It 

should however be noted that most parameters of the first four groups are also directly or 

indirectly linked to establishment and growth. For each species in mixtures, the species 

parameters of the other six species were assigned to the additional group interaction and are 

referred to as �µheterospecific parameters�¶ hereafter. 

3. Results 

3.1 Overall model sensitivity 

Eight parameters were identified as being influential in all system states analyzed, i.e. they 

�V�K�R�Z�H�G���D���P�H�D�Q�����
 �•0.25 (Fig. 1a&b). They were related to establishment (kEstDens, kEstP, 

kBrPr; cf., Table 1), water (kDrTol, kBS, kSlAsp), light (kA2) and temperature (kWiTN). In 

addition, five parameters were identified as influential depending on the system state (Fig. 

1a&b). They were related to establishment (kBrow), water (kCw), growth (kG) and mortality 

(kAMax, kSGrT). Thus, a small subset of parameters was identified to be most influential, 

which was related to different species traits and ecological processes incorporated in the model. 

Of these parameters, kCw and kSGrT featured an unexpectedly �K�L�J�K���P�H�D�Q���1���F�R�P�S�D�U�H�G���W�R���W�K�H�L�U��

�P�H�D�Q����*. In the case of kCw, parameter influence was mainly dependent on the parameter kBS 

(interaction), while kSGrT as mortality-related parameter showed interactions with most other 

influential parameters.  
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Figure 1�����6�H�Q�V�L�W�L�Y�L�W�\���D�Q�D�O�\�V�L�V���U�H�V�X�O�W�V���D�J�J�U�H�J�D�W�H�G���R�Y�H�U���V�S�H�F�L�H�V���D�Q�G���V�L�W�H�V�����5�H�O�D�W�L�Y�H���S�D�U�D�P�H�W�H�U���L�Q�I�O�X�H�Q�F�H�����
���L�Q���H�D�U�O�\��
(y-axis) and late (x-axis) succession for monospecific (a) and mixed stands (b), and comparison of the four system 
�V�W�D�W�H�V�����F�������)�R�U�����D�����D�Q�G�����E�������S�D�U�D�P�H�W�H�U���Q�D�P�H�V���D�U�H���J�L�Y�H�Q���L�I�����
���•�������������*�U�H�\���O�L�Q�H�V���U�H�S�U�H�V�H�Q�W���W�K�H���L�Q�W�H�U�T�X�D�U�W�L�O�H���U�D�Q�J�H�����)�R�U��
mixed stands, the parameters of the interaction group were not included in (b) and (c). The point size in (c) 
represents mean influence in the four system states. Parameters left of the vertical zero line (c) were more relevant 
in early succession, while parameters on the right were more influential in late succession. Parameters above the 
horizontal zero line were more relevant in monospecific stands, while parameters below were more relevant in 
�P�L�[�H�G���V�W�D�Q�G�V�����3�D�U�D�P�H�W�H�U���Q�D�P�H�V���D�U�H���J�L�Y�H�Q���L�Q�����F�����L�I���P�H�D�Q�����
���•�����������R�U���L�I���G�L�I�I�H�U�H�Q�F�H�V���E�H�W�Z�H�H�Q���W�K�H���V�\�V�W�H�P���V�W�D�W�H�V���!������������
A description of the parameters is given in Table 1. 
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Figure 2: Most influential parameter groups in space in late succession for Pinus sylvestris (a&b) and Fagus 
sylvatica ���F�	�G�����L�Q���P�R�Q�R�V�S�H�F�L�I�L�F�����D�	�F�����D�Q�G���P�L�[�H�G�����E�	�G�����V�W�D�Q�G�V�����7�K�H���D�[�H�V���U�H�S�U�H�V�H�Q�W���W�K�H���P�D�[�L�P�X�P�����
���Y�D�O�X�H�V���R�I���W�K�H��
respective parameter groups and reach from zero to one. Black dots represent study sites with mean simulated 
basal area <2 m2/ha (i.e sites where the species is absent). EnZ denotes the Environmental Zone of the 
Environmental Stratification of Europe (Metzger et al., 2005): ALN �± Alpine North; BOR �± Boreal; NEM �± 
Nemoral; ATN �± Atlantic North; ALS �± Alpine South; CON �± Continental; ATC �± Atlantic Central; PAN �± 
Pannonian; LUS �± Lusitanian; ANA �± Anatolian; MDM �± Mediterranean Mountains; MDN �± Mediterranean 
North; MDS �± Mediterranean South. See Table 1 for the parameter groups. 
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The most influential parameters had a rather strong impact on model output. The most 

influential parameter per species had generally a huge impact on species BA: varying it by one 

level impacted mean simulated BA by approximately ±200% on average (Fig. C.1&C.2). Even 

less influential parameters led to variations of more than ±25%, so they were still quite 

influential. According to the 95% c�R�Q�I�L�G�H�Q�F�H���L�Q�W�H�U�Y�D�O�V���I�R�U�����
�����X�Q�V�F�D�O�H�G�������W�K�H���6�$���U�H�V�X�O�W�V���Z�H�U�H��

quite robust (examples provided in Appendix B). Furthermore, the results are consistent 

between sites of the same environmental zone (Fig. 2).  

The relative influence of the parameters, however, varied strongly between monospecific and 

mixed stands as well as between early and late succession (Fig. 1c). Parameters related to 

establishment and the growth parameter kG were of particular influence during early 

succession. In contrast, parameters related to light (kA2, kLy) and mortality (kAMax, kSGrT, 

kDeathP) were more influential in late succession. Further, the light-related parameter kA2 was 

more influential in monospecific stands, while the growth parameter kG was more influential 

in mixed stands. Moreover, the water- and mortality-related parameters tended to be more 

influential in mixed stands. In addition, relative parameter influence varied with mean 

simulated BA (Fig. C.3): the influence of parameters related to establishment and water 

decreased with increasing BA, whereas parameters related to light, growth and mortality 

became more influential with BA. Thus, the influence of most parameter groups was distinctly 

linked to a system state.  

3.2 Sensitivity of monospecific stands 

3.2.1 Late-successional response 

Since the equilibrium state is the focus of most past FGMs applications, we present the results 

for this state first. BA of the monospecific stands was mainly sensitive to parameters related to 

(listed in decreasing order of influence) light, water, establishment and temperature (Fig. 1a). 

Among the light-related parameters, the allometric parameter for foliage weight (kA2) was of 

outstanding influence for all species (Fig. 1a; see Fig. C.4 for individual species results). Among 

the water-related parameters, all were influential except for the fraction of intercepted 

precipitation (kIcpt; Fig. 1a). The influence of the water-related parameters on species BA was 

species- and site-dependent: it decreased with species drought tolerance and with the annual 

precipitation of the site (Fig. C.5). Within the establishment-related parameters, maximum 

sapling establishment rate (kEstDens) was most influential for all species (Fig. C.4). Also, 
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browsing pressure (kBrPr) and the rate of seedling establishment (kEstP) were identified as 

influential (Fig. 1a).  

The influence of the four temperature-related parameters varied strongly across species and 

sites (Fig. 3; see Fig. C.4 for individual species results). All species were sensitive to the 

minimal annual degree-day sum (kDDMin) and to the development threshold temperature 

(kDTT) at the high latitude and altitude range of their simulated distribution (Fig. 3). The two 

conifers were also sensitive to the maximum winter temperature tolerated (kWiTX; Fig. 

C.4a&b), representing the chilling requirement for establishment, which was influential at sites 

with gentle winter conditions in southern and western Europe (Fig. 3a). In contrast to conifers, 

Fagus sylvatica, Quercus petraea and Q. ilex were sensitive to the minimum winter temperature 

tolerated (kWiTN; Fig. C.4c-d-g), representing the cold-temperature limit to seedling 

establishment. This parameter was most influential at high-elevation sites and in northeastern 

Europe for the two former species (Fig. 3b), whereas it was influential everywhere except at 

the most southern sites for Q. ilex (Fig. 3d). 

3.2.2 Early-successional response 

Early-successional BA was sensitive to the same parameters as late-successional BA (Fig. 1a). 

In addition, the species-specific growth rate (kG) exceeded the sensitivity threshold and was 

thus judged as influential for all species (Fig. 1a&C.4). However, the relative influence of the 

processes was different, such that early-successional BA was more sensitive to establishment 

(kEstDens, kEstP, kBrPr) and growth (kG) but less sensitive to light (kA2).  
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Figure 3: Relative influence of temperature-related parameters in space in late succession of monospecific stands 
for (a) Picea abies and Pinus sylvestris, (b) Fagus sylvatica and Quercus petraea, (c) Tilia cordata and Castanea 
sativa and (d) Quercus ilex. The axes represent the respe�F�W�L�Y�H�����
���Y�D�O�X�H�V���R�I���W�K�H���S�D�U�D�P�H�W�H�U��and reach from zero to 
one. For (a)-���F���������
���Y�D�O�X�H�V���Z�H�U�H���D�Y�H�U�D�J�H�G���I�R�U���W�K�H���W�Z�R���V�S�H�F�L�H�V���V�K�R�Z�Q���W�R�J�H�W�K�H�U�����7�K�H���E�O�D�F�N���G�R�W�V���U�H�S�U�H�V�H�Q�W���W�K�H���V�L�W�H�V��
with mean simulated basal area >2m2/ha (i.e. sites where the species is/are present). EnZ denotes the 
Environmental Zone of the Environmental Stratification of Europe by Metzger et al. (2005): ALN �± Alpine North; 
BOR �± Boreal; NEM �± Nemoral; ATN �± Atlantic North; ALS �± Alpine South; CON �± Continental; ATC �± Atlantic 
Central; PAN �± Pannonian; LUS �± Lusitanian; ANA �± Anatolian; MDM �± Mediterranean Mountains; MDN �± 
Mediterranean North; MDS �± Mediterranean South. A description of the parameters is given in Table 1. 
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3.3 Sensitivity of mixed stands 

3.3.1 Comparison to monospecific stands 

Species BA of mixed stands was often sensitive to the same parameters as in monospecific 

stands, whereby the variability of the global parameter influence was higher in mixed than in 

monospecific stands (Fig. 1a&b). For mixed stands, the following additional parameters 

became influential (Fig. 1b): (1) the establishment-related browsing sensitivity (kBrow) became 

influential in early succession; (2) the two mortality-related parameters kAMax and kSGrT 

became influential in late succession; (3) the light requirement of tree saplings (kLy) became 

influential in late succession for some species but remained below the sensitivity threshold 

when aggregated over all species (Fig. D.1). 

Further, some parameters that were influential for monospecific stands changed their relative 

influence in mixture considerably (Fig. 1c): the growth parameter kG was distinctly more 

influential in mixed than in monospecific stands, especially in early succession, while the 

influence of the light parameter kA2 in late succession was lower in mixed than in monospecific 

stands. Moreover, some water-related parameters (kDrTol, kBS, kSlAsp) were more influential 

in mixed than in monospecific stands, especially in late succession where the difference was 

significant for all three parameters and all species except for Picea abies and Fagus sylvatica.  

3.2.2 Interspecific interactions 

When comparing monospecific and mixed stands, the seven species could be grouped into two 

classes according to their reaction to interspecific competition: (1) species sensitive to 

competition (Pinus sylvestris, Quercus petraea, Tilia cordata, Castanea sativa) and (2) species 

not strongly affected by intraspecific competition (Picea abies, Fagus sylvatica, Quercus ilex).  

First, the number of sites where the species was present as well as its mean species BA were 

distinctly lower in mixed than in monospecific stands for the less competitive species of the 

first class (Table D.1). This result was independent of the threshold used to exclude sites from 

the analysis. The late-successional species (second class) were less affected by the presence of 

other species.  

Second, the heterospecific parameters of the interaction group (i.e., the species parameters of 

the non-focal species) were of minor influence when averaged across sites. Yet, detailed results 
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showed that these parameters could be influential, especially for the less competitive species in 

late succession (Table 3).  

Moreover, the relative influence of ecological processes varied strongly between mixed and 

monospecific stands for the less competitive species (e.g., Pinus sylvestris; Fig. 2a&b), while 

late-successional species featured similar parameter sensitivities in both cases (e.g., Fagus 

sylvatica; Fig. 2c&d). In the late succession, less competitive species were less sensitive to light 

but more sensitive to water and mortality in mixed (Fig. 2b) than monospecific (Fig. 2a) stands. 

Moreover, the shade tolerance of saplings (kLy) became influential in mixed stands for three 

of the four less competitive species (Fig. D.1d-e-f).  

Table 3: Most influential heterospecific parameter p�H�U���V�S�H�F�L�H�V���D�F�U�R�V�V���D�O�O���V�L�W�H�V�� �Z�L�W�K���P�D�[�L�P�X�P�����
�� �Y�D�O�X�H�����9�D�O�X�H�V��
�•�����������D�U�H���S�U�L�Q�W�H�G���L�Q���E�R�O�G�����3�$�E�L����Picea abies, PSyl: Pinus sylvestris, FSyl: Fagus sylvatica, QPet: Quercus petraea, 
TCor: Tilia cordata, CSat: Castanea sativa, QIle: Quercus ilex. A description of the parameters is given in  
Table 1. 

Focal species ���
 Interacting 
species 

Heterospecific 
parameter 

 

Late succession    

 PAbi 0.37 FSyl kWiTN 
 PSyl 0.79 PAbi kDrTol 
 FSyl 0.20 PAbi kDrTol 
 QPet 0.41 PAbi kDrTol 
 TCor 0.55 FSyl kDrTol 
 CSat 0.46 FSyl kWiTN 
 QIle 0.25 CSat kDrTol 
 

Early succession 
   

 PAbi 0.22 FSyl kWiTN  
 PSyl 0.31 PAbi kDrTol  
 FSyl 0.18 PAbi kWiTX  
 QPet 0.17 FSyl kDrTol  
 TCor 0.21 CSat kDrTol  
 CSat 0.44 QPet kWiTN 
 QIle 0.41 QPet kDrTol 
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4. Discussion 

We evaluated the model sensitivity to parameters and processes as incorporated in the ForClim 

model at the continental scale, ranging from boreal to Mediterranean conditions, and thus 

considerably exceeding �W�K�H�� �P�R�G�H�O�¶�V��original range of application. A small set of parameters 

was identified to be most influential, being related to different ecological processes and 

indicating that model behavior was not dominated by one single process or parameter, as may 

be the case for other DVMs (e.g., photosynthesis in LPJ-Guess; Pappas et al., 2013). Model 

sensitivity varies in successional time, with climate, and with ecological complexity (i.e., 

between monospecific and mixed stands), thus reflecting the joint impact of environmental 

conditions, stand structure and composition on the relative influence of processes. The high 

model sensitivity to a given parameter may be due to one or several of the following reasons: 

the parameter is (1) a key factor for forest dynamics, (2) a pivotal element in the model 

equations of a process (e.g., used in the exponent of a power term), or (3) related to considerable 

parameter uncertainty, which is reflected in a wide parameter range. Below, model sensitivity 

is discussed from an ecological (section 4.1) and modeling (section 4.2) point of view. 

4.1 Ecological patterns emerging from the model 

4.1.1 Model sensitivity to different demographic processes 

Simulated BA was highly sensitive to establishment-related parameters in both monospecific 

and mixed stands, especially in early succession. This is consistent with ecological knowledge 

because, on the one hand, establishment represents a key bottleneck for species occurrence 

(e.g., Clark et al., 1999; Grubb, 1977), i.e. determines whether a species is present at a site or 

not, and thus strongly co-determines species composition (e.g., Kobe et al., 1995; Price et al., 

2001). On the other hand, the process of establishment determines the number of trees that were 

able to establish and thus strongly influences stand basal area. Yet, due to its erratic occurrence 

in space and time, establishment is quite difficult to model (Bugmann, 2001). This is why the 

establishment-related parameters feature wide uncertainty ranges (Table 1), which are at least 

partly responsible for the high sensitivity of model outputs in ForClim as well as in other models 

(e.g., Samsara2; Courbaud et al., 2015), thus clearly calling for model improvements (cf., 4.2.1). 

Simulated BA was sensitive to the species-specific growth rate kG, but only marginally to 

kHmax and kRedMax. The latter parameters have an indirect influence on diameter increment 
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as they affect the partitioning of volume increment into diameter and height growth, but the 

direct effect of kG is more influential.  

In contrast to establishment and growth, simulated BA showed surprisingly moderate 

sensitivity to mortality-related parameters, even in the long term. This result contradicts those 

of previous studies indicating that long-term simulated forest dynamics are highly sensitive to 

the assumptions on tree mortality (Bircher et al., 2015; Hülsmann et al., 2018). In contrast to 

our study, Bircher et al. (2015) initialized ForClim with single-tree inventory data (BA >40 

m2/ha) of the late-successional species Picea abies in the European Alps. Under high-BA 

conditions, it is to be expected that the model is sensitive to the formulation of mortality. This 

is in line with our results, showing that simulated BA was the more and more sensitive to 

parameters related to mortality (especially kAMax and kDeathP) with increasing mean 

simulated value, while establishment-related parameters became less influential. 

4.1.2 Water versus temperature limitations 

Water limitations were found to be more influential than temperature limitations, but the latter 

contained high inter-site and inter-species variability. Temperature-related limitations are 

indeed highly influential primarily at range limits, where they are associated with a range of 

processes such as growing-season length, frost, drought, or phenology (Chuine, 2010; Morin et 

al., 2007; Sykes et al., 1996). The sensitivity of ForClim to temperature-related parameters was 

strongly site- and species-dependent, and the model distinguished and reproduced different 

temperature-related processes at range limits (e.g., the lack of the fulfillment of chilling 

requirements in the south for conifers). Yet, a more detailed representation of temperature-

�U�H�O�D�W�H�G�� �S�U�R�F�H�V�V�H�V�� �L�V�� �H�[�S�H�F�W�H�G�� �W�R�� �L�P�S�U�R�Y�H�� �W�K�H�� �P�R�G�H�O�¶�V�� �U�H�O�L�D�E�L�O�L�W�\���� �H�V�S�H�F�L�D�O�O�\�� �Z�K�H�Q�� �D�L�P�L�Q�J��

towards robust projections of species range shifts under climate change (see 4.2.3). 

In contrast to temperature limitations, ForClim was highly sensitive to water-related parameters 

across most of the European continent, although their influence decreased with increasing 

precipitation sum and species drought tolerance. Thus, model behavior appears to consistently 

represent that (1) species vary in their ability to cope with water limitations (e.g., Churakova 

Sidorova et al., 2016; Ogaya and Penuelas, 2007); and that (2) water supply is a major limiting 

factor throughout the full climatic range of a species (Littell et al., 2008; Martin-Benito and 

Pederson, 2015), although its impact culminates as the dry distribution limit is approached 

(Adams and Kolb, 2005; Bigler et al., 2006). Yet, the high sensitivity to water-related 
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parameters may point at possible structural and parameterization problems concerning the 

representation of water limitations in ForClim (see 4.2.2). Further, the high model sensitivity 

to water-related parameters is at least partly due to the wide parameter ranges (Table 1) of the 

water-related parameters. 

4.1.3 Competition for light 

In line with our results and the known impact of the light climate in real forests (Bazzaz, 1979; 

Canham et al., 1994; Valladares and Niinemets, 2008), other DVMs have been found to be 

sensitive to light-related processes (e.g., Leemans, 1991; Pappas et al., 2013). Shading 

determines the growth performance of subdominant and suppressed trees as well as the 

abundance and species composition of the regeneration (Kobe et al., 1995). Among the light-

related parameters in ForClim, one parameter was highly influential, i.e. the allometric 

parameter kA2, which determines foliage weight as a function of tree size (dbh). In contrast to 

all other light-related parameters, kA2 is the exponent in the power term used to calculate 

foliage weight (Bugmann, 1994). Therefore, kA2 mainly controls the light regime in the model 

and is thus a key candidate for calibration (see 4.2.4).  

It is important to note that all species were sensitive to kA2 irrespective of their shade tolerance. 

Indeed, although shade-tolerant species such as Fagus sylvatica are able to persist under low-

light conditions, they also require a minimum amount of light to reach the upper canopy in the 

long term (Wagner et al., 2010), which depends on kA2 in the model. Thus, model behavior 

outlines the �P�R�G�H�O�¶�V���V�H�Q�V�L�W�L�Y�L�W�\���W�R leaf-related parameters, but this finding is not restricted to 

this particular model. 

4.1.4 Interspecific interaction effects 

When comparing the results of monospecific vs. mixed stands, interspecific interaction effects 

were found to be influential, especially for late succession. 

Less competitive species (Pinus sylvestris, Quercus petraea, Tilia cordata, Castanea sativa) 

were strongly affected by the presence of other species across all sites, leading either to their 

absence or a strong reduction of BA. In addition, less competitive species showed higher 

sensitivity to heterospecific parameters than late-successional species (Picea abies, Fagus 

sylvatica, Quercus ilex). This asymmetry in the strength of interspecific competition is typical 

of forest communities (e.g., Canham et al., 2004; Getzin et al., 2006; Rohner et al., 2012). 
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The growth parameter kG was distinctly more influential in mixtures than in monospecific 

stands, especially in early succession. This can be explained by the facts that (1) species in 

ForClim compete for light, and hence kG is decisive in the race for resources; and (2) growth 

rate (kG) controls both diameter and height growth and thus determines whether a species is 

able to grow faster than its competitors and is thereby able to shade them instead of being 

shaded. Hence, our analysis confirms that light competition is a key driver of succession 

(Kimmins, 2004). 

Water-related parameters were distinctly more influential in mixtures than in monospecific 

stands for the less competitive species. Since these species are more drought tolerant than their 

main competitors (Picea abies, Fagus sylvatica), their competitive ability increases in drier 

conditions. Thus, they experience a competition release when the dominant mesic species reach 

their physiological limits. This phenomenon has been described across a range of ecosystems 

and is considered of increasing importance for future vegetation shifts (e.g., Aguade et al., 2015; 

Rigling et al., 2013).  

Moreover, mortality-related parameters and the shade tolerance of saplings (kLy) became 

influential in mixed stands for less competitive species. This is because these species grow very 

slowly due to substantial shading by the taller, dominant species, provided that they are able to 

establish in mixtures at all. However, slow growth increases stress-induced mortality in the 

model. The simulation results thus outline that the ability to cope with unfavorable light 

conditions is one of the most influential processes in forest dynamics (e.g., Coomes et al., 2005). 

4.2 Recommendations for model development and further analysis 

Based on the SA, we were able to determine the key processes and key parameters for 

simulating forest dynamics with ForClim. Even though high sensitivity per se does not imply 

that process representations are inappropriate, it points towards areas of the model where new 

data or improved processes would be particularly important. �7�R���L�Q�F�U�H�D�V�H���W�K�H���P�R�G�H�O�¶�V���U�H�O�L�D�E�L�O�L�W�\����

these parameters and processes should be considered in future model development, including 

both (sub)model output verification, calibration and, if necessary, changes in process 

representations. Below, we outline potential directions of subsequent model development and 

analysis and identify data that may help to reduce predictive model uncertainties. 
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4.2.1 Establishment 

We assigned four parameters to the establishment group (Table 1), which feature wide 

parameter ranges. In fact, however, several others are directly or indirectly involved in this 

ecological process as well (Table 1). Thus, model sensitivity with regard to establishment was 

quite large, and further analysis of the establishment process and model improvements (process 

development and/or calibration) are needed indeed. 

ForClim and many other FGMs simulate establishment in a highly aggregated manner, i.e. 

without a mechanistic representation of neither the germination nor the growth and mortality 

of seedlings and small saplings (Bugmann, 2001; Price et al., 2001). Priority issues and 

recommendations for improving the representation of establishment processes are not new (cf., 

Cailleret et al., 2014; Price et al., 2001; Wehrli et al., 2007). Here, we emphasize two core issues 

derived from our results that should be prioritized in the context of future model improvement. 

First, maximum sapling establishment rate (kEstDens) was one of the key parameters. Thus, 

�µseedling�¶ density, in the case of ForClim the density of trees with a dbh of 1.27 cm, strongly 

determines model output. Further research should focus on a better assessment of seedling 

density, especially when aiming at improving predictions of forest productivity under 

consideration of natural regeneration. To do so, more data are needed on seedling density, 

which are often ignored or underreported in forest inventories. 

Second, since establishment success largely determines a �V�S�H�F�L�H�V�¶�� �O�R�F�D�O�� �F�R�O�R�Q�L�]�D�W�L�R�Q�� �R�U��

extinction probability, further research is needed at range margins where shifts in species 

composition are most pronounced (e.g., Aguade et al., 2015; Rigling et al., 2013). In this 

context, temperature limitations for seedling establishment deserve special attention, possibly 

using a more sophisticated and more accurate model of phenology (Chuine and Beaubien, 2001) 

instead of simple temperature-related establishment filters. 

4.2.2 Water limitations 

Water limitations represent an urgent research need in view of climate change (Allen et al., 

2015; Cook et al., 2014; IPCC, 2001), especially in Mediterranean but also in boreal forests 

(Barber et al., 2000; Wu et al., 2012). From a modeling point of view, drought is a complex 

phenomenon affecting and interacting with many physiological processes in both the short and 

long run. This makes drought difficult to model and drought-related parameters challenging to 
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parameterize. ForClim applies a simple water sub-model operating on a monthly time step with 

a one-�O�D�\�H�U�� �V�R�L�O�� �µ�E�X�F�N�H�W�¶ (Bugmann, 1996). The following issues give rise to model 

improvements: (1) the calculation of potential evapotranspiration, (2) the representation of soil 

properties and the modeling of soil moisture, (3) the calculation of the drought index, and (4) 

the re-assessment of drought tolerance, as discussed below. 

First, in ForClim, potential evapotranspiration is calculated using the temperature-based model 

by Thornthwaite and Mather (1957), which has been shown to agree well with radiation-based 

and combination models in temperate regions at medium latitudes (Fisher et al., 2011). 

However, when applied outside of this area, water limitations may be over- or underestimated 

considerably (Fisher et al., 2011). 

Second, model results were highly sensitive to soil bucket size (kBS), whose uncertainty range 

was considerable. Thus, our results underline the importance of large-scale availability of 

reliable site-specific soil data (e.g., De Cáceres et al., 2015; Manusch et al., 2014). Further, 

competition for soil moisture in combination with a more detailed representation of water 

availability in the soil, e.g. by including more than one layer (Manusch et al., 2014; Thrippleton 

et al., 2017), is likely to enhance model projections. Moreover, modeling the process of snow 

accumulation and melting (as done e.g. by Schwörer et al. (2016)) is expected to enhance model 

applicability at high latitudes as well as at high elevations (Rutter et al., 2009). 

Third, in ForClim, every month within the growing season influences the annual drought index 

to the same extent (Bugmann and Cramer, 1998), while cambial activity is not uniform over 

time (e.g., Camarero et al., 2010; Gutierrez et al., 2011; Primicia et al., 2013). Considering the 

seasonal variability in growth responses to drought based on ring-width data may be an option 

to better predict long-term species productivity (cf., Mina et al., 2016). Further, variations of 

water availability within months are not considered because ForClim uses monthly input data 

(Bugmann, 1996). Thus, the current structure of the model is hardly able to account for short-

term extreme events, which may become increasingly critical in a changing climate (Allen et 

al., 2015). 

Finally, a European-wide calibration of the species-specific drought tolerance (kDrTol) is 

expected to increase model robustness. Thereby, intra-specific variability in model parameters 

should be considered, which may arise from local adaption to drought and phenotypic plasticity 

(e.g., Benito Garzón et al., 2011) and has been shown to be considerable (Mina et al., 2016). 
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Such a calibration could make use of a wealth of empirical data based on wood anatomical and 

dendroecological methods (Herrero et al., 2013; King et al., 2013; Martin et al., 2010; 

Modrzynski and Eriksson, 2002; Sanchez-Salguero et al., 2015) as well as pollen and 

macrofossil data from sediment records (Schwörer et al., 2016). 

4.2.3 Temperature-related process 

In ForClim, higher temperatures act to increase tree growth as long as it is not limited by 

drought or restricted by the fixed maximum length of the growing season for deciduous trees 

(i.e., April - October) (Bugmann, 1996). However, the model may overestimate the positive 

effect on growth because it does not consider phenological mechanisms such as late or early 

frost events (Körner et al., 2016; Muffler et al., 2016; Vanoni et al., 2016), photoperiodic 

controls (Jolly et al., 2005), dormancy breaks (Chuine et al., 2016), differing dormancy phases 

across ecosystems (such as summer dormancy due to drought) or the time of snow melt 

(Kirdyanov et al., 2003; Littell et al., 2008). Model approaches including phenology in DVMs 

have been shown to improve the prediction of species range shifts under climate change (Morin 

et al., 2008). Thus, a more detailed representation of temperature-related processes would be 

highly beneficial when aiming towards robust projections of range shifts. At the very least, for 

European-wide model applications the current temperature-related parameters may need to be 

calibrated based on species-specific distributions maps. 

4.2.4 Further key parameters for calibration 

Apart from the drought tolerance and temperature-related parameters, the light-related 

parameter kA2 is a key candidate for calibration. Since kA2 is not estimated for each species 

individually, but rather for species groups, the accuracy of model projections is likely to 

increase with a more refined, if possible even species-specific, parameter estimation. To 

calibrate kA2 by species, data on foliage weight and dbh would be needed (e.g., Burger, 1952), 

and/or kA2 could be calibrated inversely using Bayesian methods (van Oijen et al., 2005). 

Another candidate for calibration is the growth parameter kG, which is difficult to estimate 

because it relates to growth under optimal conditions, which are hardly found in reality. Besides 

applying inverse modeling techniques, tree-ring data (cf., Fyllas et al., 2017) could be used to 

reduce the uncertainty in the parameter estimates by providing at least a lower limit for the 

value of kG. 
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Specifically with regard to early-successional species, further key parameters for calibration 

are sapling shade tolerance (kLy) as well as mortality-related parameters. Improved parameter 

estimates for early-successional species are of high relevance to provide robust model 

projections in the context of the conversion of monospecific to mixed forests, which is receiving 

increasing attention in forestry (Cools et al., 2011).  

4.3 Conclusions 

We analyzed the global parameter sensitivity of ForClim at 30 representative sites across 

Europe for both monospecific and mixed stands at two representative system states in time. The 

set of influential parameters was related to different processes, indicating that model behavior 

was not dominated by one single process or parameter and thus pointing at a balanced process 

influence in the model structure. 

The relative influence of the parameters varied between monospecific and mixed stands at 

identical sites, and it also differed between sites as well as between early and late succession. 

Thus, the sensitivity of complex models should be analyzed for all system states of interest, 

since inference gained from one state or site may be misleading when extrapolated to another 

state or site. To further enhance model applications across a broad range of spatial and temporal 

scales and reduce the uncertainty in model outputs, it is moreover essential to focus model 

development (process representation and calibration) and analysis on the most influential 

processes and parameters of all system states of interest. 

We recommend to focus the further development and analysis of FGMs on process 

representations related to establishment, water limitations and phenology, so as to further 

enhance their applicability across a broad range of spatial and temporal scales and improve the 

robustness of model projections, especially with regard to predicting species ranges and range 

shifts under climate change. 

Overall, this comprehensive sensitivity analysis represents a step within the iterative modeling 

cycle improving our understanding of model behavior and pinpointing parameterization and 

structural issues. 
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Appendix A �± Extended methods 

Appendix A.1 �± Site selection 

30 representative sites (Table 2; Fig. A.1) were selected for the SA from a European 10x10 km2 

�J�U�L�G���U�H�S�U�H�V�H�Q�W�L�Q�J���D���µ�J�U�H�D�W�H�U���(�X�U�R�S�H�D�Q���Z�L�Q�G�R�Z�¶���������ƒ�:���������ƒ�(���������ƒ�6���������ƒ�1����as used by Metzger 

et al. (2005). For this purpose, conditioned Latin hypercube sampling strategy (cLHS; Minasny 

and McBratney, 2006) was applied as it allows for sampling in the presence of ancillary data. 

cLHS is a stratified random procedure that selects a subset based on two criteria: (1) it covers 

the entire range and (2) represents the shape of the original distribution of each ancillary 

variable. Thus, the subset forms a Latin hypercube of the full dataset (Minasny and McBratney, 

2006). 

 

Figure A.1: Study sites. EnZ denotes the Environmental Zone by Metzger et al. (2005): ALN �± Alpine North; 
BOR �± Boreal; NEM �± Nemoral; ATN �± Atlantic North; ALS �± Alpine South; CON �± Continental; ATC �± Atlantic 
Central; PAN �± Pannonian; LUS �± Lusitanian; MDM �± Mediterranean Mountains; MDN �± Mediterranean North; 
MDS �± Mediterranean South.  
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In a first step, 100 sites were selected out of 60,050 using the following ancillary variables: 

latitude, longitude and the 13 Environmental Zones (EnZ) of the Environmental Stratification 

of Europe (Metzger et al., 2005). Latitude and longitude were incorporated to ensure maximum 

spatial coverage of the selected sites, while EnZ were included to account for climatic and 

geographical variation. The latter consists of 84 strata aggregated into 13 EnZ. The stratification 

is based on climate, geomorphology, oceanity and latitude and has a 1-km spatial resolution 

(Metzger et al., 2005). The cLHS was repeated 10 times. Out of the ten subsets, the subset was 

selected that covered best the 84 strata. Simulations were run at these 100 sites with the default 

settings of ForClim to assess the variability in forest productivity and species composition.  

In a second step, 30 representative sites, which were used for the SA, were selected out of the 

set of 100 sites, again using cLHS. Annual mean temperature, annual precipitation sum and 

elevation (ASTER Global DEM) were applied as ancillary variables to obtain a sample being 

representative for the climatic conditions within Europe. For the climate data, long-term annual 

and monthly means were calculated for the period 1980 to 2009 from a gridded database 

(ClimateEU v4.63; Hamann et al., 2013), which were later also used to run the model for the 

sensitivity analysis. cLHS was repeated 1,000 times. Subsequently, one subset was selected 

based on the following criteria: (1) all 13 EnZ classes were included; (2) adequate spatial 

coverage; (3) at least one site was included with an annual precipitation sum >1200 mm; (4) at 

least one site was included featuring low simulated basal area (< 1m2/ha after 2,000 years when 

allowing all species to grow together) in each of the following areas: North, South and East. 

The latter criterion was applied to analyze the simulated limitations to forest productivity close 

to treelines.   
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Appendix A.2 �± Selection of the number of trajectories r and confidence intervals 

 

 

Figure A.2: Example of the comparison of the number of trajectories r for a monospecific SA: a) r=25, b) r=66, 
c) r=99. The red lines represent the 95% confidence intervals (based on bootstrap selection among individual 
effects of each factor) associated with the sens�L�W�L�Y�L�W�\���P�H�D�V�X�U�H�V���������[-�D�[�L�V�����D�Q�G���1�����\-axis), respectively.  
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Appendix A.3 �± Selecting a balanced experimental design 

To ensure that differences in the results between species or sites do not arise from differences 

in the sampling of the r trajectories (see explanation below), we defined two unique 

experimental designs (i.e. set of trajectories) to be applied to every site: one for the 

monospecific runs and one for the mixed-species simulations. We selected the most balanced 

set of trajectories out of 100 possible sets for both cases. A balanced experimental design is 

given if the p levels of each parameter are equally sampled. Thus, we selected the experimental 

design that minimized (1) the parameter-wise maximum absolute difference of samples per 

level to equal distribution (s/p); and (2) the parameter-wise sum of absolute differences of each 

level to equal distribution (Fig. A.2). 

 

Figure A.3: The two criteria (1) and (2) which have been minimized to select the most balanced set of trajectories 
out of 100 sets of trajectories illustrated for one parameter. (1) represents the parameter-wise maximum absolute 
difference of the samples per level to equal distribution (s/p, where s = numbers of simulations to run, and p = 
number of levels of the parameters). (2) equals the parameter-wise sum of the absolute differences of each level 
to equal distribution.  
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How can the use of different trajectories influence the results? 

Imagine two species that are sensitive to a parameter in the same way. This parameter is varied 

over 4 levels. The output is hardly sensitive to this parameter when it is varied from level 1 to 

level 2 or level 2 to 3, but highly sensitive to the parameter when it is varied from level 3 to 4 

(some kind of threshold effect). Since we have no guarantee that the experimental design is 

balanced (e.g., that the 4 levels are sampled equally often), it can happen that the jump from 

level 3 to 4 is sampled more often for one of the two species. In that case, we would conclude 

that this species is more sensitive to the respective parameter, which is in fact not the case. This 

is the reason why we used one set of trajectories for monospecific and mixed-species 

simulations, respectively, to be applied to all sites. 

 

Appendix A.4 �± �&�R�U�U�H�O�D�W�L�R�Q���E�H�W�Z�H�H�Q���W�K�H���W�Z�R���0�R�U�U�L�V�¶���V�H�Q�V�L�W�L�Y�L�W�\���L�Q�G�L�F�H�V 

 

 

Figure A.4: Pearson correlation between the �X�Q�W�U�D�Q�V�I�R�U�P�H�G�� ���
�� �D�Q�G�� �1�� �Y�D�O�X�H�V�� �I�R�U�� ���D���� �P�R�Q�R�V�S�H�F�L�I�L�F�� �D�Q�G�� 
(b) mixed stands.  
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Appendix A.5 �± Aggregation procedure 

 

 

Figure A.5: Overview of the aggregating procedure. The green parameter is highly influential in all system states 
(monospecific: early and late succession; mixed: early and late succession). Moreover, it is of equal influence in 
all system states. Thus, it is represented by a large circle in the center of the last plot (c). The blue parameter is 
more influential in the late than in the early succession for both monospecific (topleft) and mixed (topright) stands. 
It is equally influential in monospecific and mixed stands. Thus, it is represented by a medium-sized circle on the 
left of the vertical zero line (more important for late succession) and on the horizontal zero line (equally influential 
for monospecific and mixed stands). The red parameter is more influential in the early than in the late succession 
for both monospecific and mixed stands. Further, it is more influential in mixed than in monospecific stands. 
Overall, its influence is rather low. Thus, it is represented by a relatively small circle in the bottom-right quarter 
of the last plot. The yellow parameter is not influential except in the late succession of mixtures. Thus, it is 
represented by a small circle deviating from the center of the plot to bottom-left direction.  
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Appendix B �± Examples of the 95% confidence intervals of the 
�V�H�Q�V�L�W�L�Y�L�W�\���P�H�D�V�X�U�H�V�����
���D�Q�G���1 

 

 

Figure B.1: Confidence int�H�U�Y�D�O�V�� ���U�H�G�� �O�L�Q�H�V���� �I�R�U�� �W�K�H�� �V�H�Q�V�L�W�L�Y�L�W�\�� �P�H�D�V�X�U�H�V�� ���
�� ���[-�D�[�L�V���� �D�Q�G�� �1�� ���\-axis) for 
monospecific (above) and mixed-species simulations. Shown are the results for late succession for Picea abies at 
site 19 in France.   
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Figure B.2: Confidence int�H�U�Y�D�O�V�� ���U�H�G�� �O�L�Q�H�V���� �I�R�U�� �W�K�H�� �V�H�Q�V�L�W�L�Y�L�W�\�� �P�H�D�V�X�U�H�V�� ���
�� ���[-�D�[�L�V���� �D�Q�G�� �1�� ���\-axis) for 
monospecific (above) and mixed-species simulations. Shown are the results for late succession for Pinus sylvestris 
at site 2 in Sweden.  
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Figure B.3: Confidence intervals (r�H�G�� �O�L�Q�H�V���� �I�R�U�� �W�K�H�� �V�H�Q�V�L�W�L�Y�L�W�\�� �P�H�D�V�X�U�H�V�� ���
�� ���[-�D�[�L�V���� �D�Q�G�� �1�� ���\-axis) for 
monospecific (above) and mixed-species simulations. Shown are the results for late succession for Fagus sylvatica 
at site 12 in France.  
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Figure B.4: Confidence intervals (red lines) �I�R�U�� �W�K�H�� �V�H�Q�V�L�W�L�Y�L�W�\�� �P�H�D�V�X�U�H�V�� ���
�� ���[-�D�[�L�V���� �D�Q�G�� �1�� ���\-axis) for 
monospecific (above) and mixed-species simulations. Shown are the results for late succession for Quercus 
petraea at site 12 in France.  

  



74  Sensitivity analysis 

 

 

 

 

Figure B.5: Confidence intervals (red lines) for the �V�H�Q�V�L�W�L�Y�L�W�\�� �P�H�D�V�X�U�H�V�� ���
�� ���[-�D�[�L�V���� �D�Q�G�� �1�� ���\-axis) for 
monospecific (above) and mixed-species simulations. Shown are the results for late succession for Tilia cordata 
at site 22 in Moldova.  
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Figure B.6: Confidence int�H�U�Y�D�O�V�� ���U�H�G�� �O�L�Q�H�V���� �I�R�U�� �W�K�H�� �V�H�Q�V�L�W�L�Y�L�W�\�� �P�H�D�V�X�U�H�V�� ���
�� ���[-�D�[�L�V���� �D�Q�G�� �1�� ���\-axis) for 
monospecific (above) and mixed-species simulations. Shown are the results for late succession for Castanea sativa 
at site 2 in France.  
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Figure B.7: Confidence intervals ���U�H�G�� �O�L�Q�H�V���� �I�R�U�� �W�K�H�� �V�H�Q�V�L�W�L�Y�L�W�\�� �P�H�D�V�X�U�H�V�� ���
�� ���[-�D�[�L�V���� �D�Q�G�� �1�� ���\-axis) for 
monospecific (above) and mixed-species simulations. Shown are the results for late succession for Quercus ilex at 
site 23 in Portugal.  
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Appendix C �± Extended results for monospecific stands 

 

Figure C.1: Relative change in mean simulated basal area (BA) per parameter when varying a parameter from one 
level to a neighboring one. Shown are monospecific stands in late succession for the seven species analyzed (PAbi: 
Picea abies, PSyl: Pinus sylvestris, FSyl: Fagus sylvatica, QPet: Quercus petraea, TCor: Tilia cordata, CSat: 
Castanea sativa, QIle: Quercus ilex). The red line represents a change of ±25%. n denotes the number of sites. A 
description of the parameters is given in Table 1.  
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Figure C.2: Relative change in mean simulated basal area (BA) per parameter when varying a parameter from one 
level to a neighboring one. Shown are monospecific stands in early succession for the seven species analyzed 
(PAbi: Picea abies, PSyl: Pinus sylvestris, FSyl: Fagus sylvatica, QPet: Quercus petraea, TCor: Tilia cordata, 
CSat: Castanea sativa, QIle: Quercus ilex). The red line represents a change of ±25%. n denotes the number of 
sites. A description of the parameters is given in Table 1.  
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Figure C.3�������
��values �I�R�U���F�O�D�V�V�H�V���R�I���P�H�D�Q���V�L�P�X�O�D�W�H�G���E�D�V�D�O���D�U�H�D�����%�$�������6�K�R�Z�Q���D�U�H���S�D�U�D�P�H�W�H�U�V���Z�L�W�K���P�D�[�L�P�X�P�����
��
>0.1 of the monospecific simulations for the seven species analyzed. N equals 155, 78, 31 and 6 for the BA classes 
<10, 10-20, 20-30 and >30, respectively. A description of the parameters is given in Table 1.  
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Figure C.4�����0�H�D�Q�����
���L�Q���H�D�U�O�\�����\-axis) and late (x-axis) succession for the seven species analyzed in monospecific 
stands. For every species, the number of sites is given in the respective plot in the first line: sites early/late 
succession. Accordingly, mean simulated basal area [m2/ha] is given in the second line: mean basal area in 
�H�D�U�O�\���O�D�W�H�� �V�X�F�F�H�V�V�L�R�Q���� �3�D�U�D�P�H�W�H�U�� �Q�D�P�H�V�� �D�U�H�� �J�L�Y�H�Q�� �I�R�U�� �S�D�U�D�P�H�W�H�U�V�� �Z�L�W�K�� �P�H�D�Q�����
�� �•������������ �*�U�H�\�� �O�L�Q�H�V�� �U�H�S�U�H�V�H�Q�W��the 
interquartile range (IQR). For right- or left-�V�N�H�Z�H�G���G�L�V�W�U�L�E�X�W�L�R�Q�V�����P�H�D�Q�����
���P�D�\���O�L�H�V���R�X�W�V�L�G�H���W�K�H���F�R�U�U�H�V�S�R�Q�G�L�Q�J���,�4�5����
A description of the parameters is given in Table 1. 
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Appendix D �± Extended results for mixed stands 

 

 

Figure D.1�����0�H�D�Q�����
���L�Q���H�D�U�O�\�����\-axis) and late (x-axis) succession for the seven species analyzed in monospecific 
stands. For every species, the number of sites is given in the respective plot in the first line: sites early/late 
succession. Accordingly, mean simulated basal area [m2/ha] is given in the second line: mean basal area in 
early/late succession. Parameter names are given for parameters �Z�L�W�K�� �P�H�D�Q�� ���
�� �•������������ �*�U�H�\�� �O�L�Q�H�V�� �U�H�S�U�H�V�H�Q�W�� �W�K�H��
interquartile range (IQR). For right- or left-�V�N�H�Z�H�G���G�L�V�W�U�L�E�X�W�L�R�Q�V�����P�H�D�Q�����
���P�D�\���O�L�H�V���R�X�W�V�L�G�H���W�K�H���F�R�U�U�H�V�S�R�Q�G�L�Q�J���,�4�5����
A description of the parameters is given in Table 1.  
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Abstract 

Accurately representing water limitations in dynamic vegetation models (DVMs) is of utmost 

importance in view of climate change. Most DVMs explicitly model water availability based 

on a water balance with potential evapotranspiration (PET) as the main driver. Yet, a wide 

variety of empirical PET formulation exists. Studies comparing these formulations (outside of 

a DVM framework) found significant differences, thus suggesting that the choice of the PET 

formulation can be decisive for drought estimates in DVMs. Thus, we revisited the 

representation of PET in the water module of the forest gap model ForClim aiming at a higher 

accuracy of simulated water availability. We therefore assessed the performance of the water 

module including the currently applied PET formulation, which is based on Thornthwaite and 

Mather (1975), by confronting simulated with observed monthly actual evapotranspiration 

(AET) at forested FLUXNET sites of several climate types. Further, we compared its 

performance against alternative formulations, particularly the one by Priestley and Taylor 

(1972) that features a higher degree of mechanistic detail. 

The results showed that the performance of the water module as applied in ForClim depended 

on climate type. Thereby, it consistently over- or underestimated AET independent of the PET 

formulation. Further, the results suggest that simulated drought tends to be overestimated at 

Mediterranean forest sites, while it may be underestimated at oceanic and continental forest 

sites. We conclude that increasing the complexity of the PET formulation, e.g., by applying 

more mechanistic formulations, will hardly improve the estimates of water deficiencies at an 

annual scale in the forest gap model ForClim. Rather, more attention should be payed to forest-

specific features in the context of the water balance, such as the representation of belowground 

and phenological processes, because most water balance models have been developed for 

agricultural applications. In particular, the following elements appear to be relevant when 

modeling water availability and thus drought in forests: ground water availability, the 

relationship between rooting depth and soil water storage, the timing of water uptake, and water 

storage in trees.  
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Introduction 

Water availability is one of the key elements determining ecosystem productivity and species 

composition in many terrestrial ecosystems (Kimmins, 2004; Schulze et al., 2002). In view of 

climate change, forests across the world are expected to be increasingly affected by drought, 

either due to extreme drought events or due to long-term shift towards more arid conditions 

(e.g., Allen et al., 2010; Bréda et al., 2006; IPCC, 2014). Thereby, water availability in forests 

depends not only on the total amount of precipitation, but also on its seasonal variability, the 

type of precipitation (rain, snow, hail, etc.), its interception by the canopy, the infiltration 

capacity of the soil surface, the water holding capacity of the soil as well as slope and aspect of 

the site (Johnstone et al., 2010; Kimmins, 2004). 

Most dynamic vegetation models (DVMs) explicitly model water availability based on a water 

balance, although at very different levels of detail and temporal resolution (e.g., Bugmann and 

Cramer, 1998; De Cáceres et al., 2015; Granier et al., 1999; Hidy et al., 2012; Martínez-Vilalta 

et al., 2002; Speich et al., 2018). To derive a measure of drought, simulated actual 

evapotranspiration (AET) is usually compared to the atmospheric demand for water vapor. 

Thereby, AET is generally assumed to be equivalent to the lesser of a demand and a supply 

(water available from the soil) function (Federer, 1982). To represent the atmospheric demand 

for water vapor, practically all DVMs apply estimates of potential evapotranspiration (PET) 

representing the maximum amount of water that could evaporate from soil and water surface 

and could be transpired by plants under ideal conditions of soil moisture (Thornthwaite and 

Mather, 1951). Thus, the representation of PET is a key formulation in the water balance 

because it provides a measure of the energy regime reflecting the capacity for 

evapotranspiration when water is not limiting (Fisher et al., 2011).  

There is a wide variety of empirical PET formulations that can be divided into three groups 

according to the meteorological variables required (Fisher et al., 2011): the �µ�W�H�P�S�H�U�D�W�X�U�H-�E�D�V�H�G�¶��

formulations (e.g., Thornthwaite and Mather, 1957) are based on monthly mean temperatures 

only, a meteorological variable that is most readily available; the so-�F�D�O�O�H�G���µ�U�D�G�L�D�W�L�R�Q-�E�D�V�H�G�¶���R�U��

�µ�W�H�P�S�H�U�D�W�X�U�H-radiation-�E�D�V�H�G�¶��formulations require either solar or net radiation (e.g., Priestley 

and Taylor, 1972; Turc, 1961), whereby the latter represent the actual energy force behind 

evapotranspiration (Fisher et al., 2011); and �W�K�H���µ�F�R�P�E�L�Q�D�W�L�R�Q���P�R�G�H�O�V�¶�����Z�K�L�F�K���D�U�H��the most data-

demanding type of PET formulations, and combine energetic (radiation and/or temperature) 
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with atmospheric drivers such as vapor pressure deficit or surface wind speed (e.g., Monteith, 

1965; Penman, 1948), data that are hardly available from direct measurements at forest sites. 

Although a multitude of studies exists comparing PET formulations (e.g., Federer, 1982; Fisher 

et al., 2011; Hogg, 1997; Lu et al., 2005; Xu and Singh, 1998, 2000), there is no conclusive 

result on which PET formulation should be used in the context of a DVM. Yet, the use of 

�µ�U�D�G�L�D�W�L�R�Q-�E�D�V�H�G�¶�� �R�U�� �µ�F�R�P�E�L�Q�D�W�L�R�Q�� �P�R�G�H�O�V�¶�� �L�V typically claimed to deliver more accurate 

estimates than temperature-based models (e.g., Fisher et al., 2011; Xu and Singh, 1998).  

The forest gap model ForClim has initially been developed to simulate the dynamics of 

temperate mountain forests in the European Alps (Bugmann, 1996). Over the last 20 years, it 

has however been applied far beyond this area, particularly at higher northern latitudes and in 

Mediterranean areas (e.g., Huber et al., 2018; Mina et al., 2016). To represent water availability, 

ForClim applies a modified version of the soil water balance by Thornthwaite and Mather 

(1957), which requires a minimum set of input data, i.e. monthly mean temperatures and 

monthly precipitation sums, latitude and water holding capacity of the soil (Bugmann and 

Cramer, 1998; Pastor and Post, 1984). Annual and seasonal drought indices are calculated for 

evergreen and deciduous trees, respectively (Bugmann and Cramer, 1998).  

�6�L�Q�F�H���3�(�7���L�V���D���P�D�L�Q���G�U�L�Y�H�U���L�Q���)�R�U�&�O�L�P�¶�V���Z�D�W�H�U���E�D�O�D�Q�F�H���D�Q�G���P�R�G�H�O���R�X�W�S�X�W���L�V���K�L�J�K�O�\���V�H�Q�V�L�W�L�Y�H���W�R��

assumptions in the water balance across most of the European continent (Bugmann and Cramer, 

1998; Huber et al., 2018), the question arises whether the PET formulation by Thornthwaite 

and Mather (1957) provides a sufficiently accurate estimate for its use in the ForClim model. 

Thus, the overall aim of this study was to assess the performance of the currently applied PET 

formulation in the context of its use in ForClim across a wide ecological gradient, covering both 

water-limited and energy-limited sites. For this assessment, we compared not only simulated 

and observed AET but also included a comparison with other PET formulations, particularly 

with the one by Priestley and Taylor (1972), which features a higher degree of mechanistic 

detail. Thereby, we made use of site-specific weather and evaporation data of forest sites 

provided by the FLUXNET database (Baldocchi et al., 2001). Specifically, the following 

questions were addressed:  

(1) Which PET formulation performs best �L�Q���)�R�U�&�O�L�P�¶�V���Z�D�W�H�U���P�R�G�X�O�H��when confronted with 

empirical data from 25 forested FLUXNET sites? 

(2) Does the performance �R�I���)�R�U�&�O�L�P�¶�V���Z�D�W�H�U���P�R�G�X�O�H���D�Q�G���W�K�H���3�(�7���I�R�U�P�X�O�D�W�L�R�Q��depend on the 

climate type?  
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Methods 

�)�R�U�&�O�L�P�¶�V���Z�D�W�H�U���P�R�G�X�O�H 

To assess drought, ForClim applies a modified version of the soil water balance model by 

Thornthwaite and Mather (1957) (Bugmann and Cramer, 1998; Bugmann and Solomon, 2000). 

Monthly evapotranspiration from the soil (Em; Eq. 1), considering one single soil layer 

���³�E�X�F�N�H�W�´��, is assumed to be the lesser of a soil-water supply (Sm; Eq. 2) and a soil-water demand 

(Dm, Eq. 3) function: 

�' �à 
L �� �•�‹�•���:�5�à �á �&�à �; (1) 

with 

�5�à 
L ���?�S�� 
I ��
�� �Ø

�Þ�»�Ì
 (2) 

where cw is a parameter denoting the maximum evapotranspiration rate from saturated soil 

under conditions of high demand, �
 m is soil moisture, and kBS is the water holding capacity of 

the soil and  

�&�à 
L �� �2�'�6�à 
F �� �2�E�à  (3) 

where PETm and Pim are potential evapotranspiration and intercepted water, respectively.  

Soil moisture is updated by accounting for precipitation (Pm), interception, snow accumulation 

(Psnowm), snow melt (meltm) and the water holding capacity of the soil (kBS): 

�×�à�>�5 
L �•�ƒ�š���:�•�‹�•�:�×�à 
E �� �:�2�à 
F �� �2�E�à 
F �2�O�J�K�S�à 
E �I�A�H�P�à �;�á �G�$�5�;�á �r�; (4) 

To account for snow, an adapted version of the snow accumulation-and-melt module by 

McCabe and Wolock (2009) is applied. Depending on monthly mean temperature (Tm), 

precipitation reaches the soil (Pm - Pim) either in the form of water or snow (Psnowm):  

�2�O�J�K�S�à 
L 
^

�2�à 
F �2�E�à �����������������������������������������������������������������������������������B�K�N���6�à �� 
Q �� �6�æ�á�â�ê����������������������������������������������

�:�2�à 
F �� �2�E�à �; 
I �� �@
�Í �Ý�Ì�Ô�Ù�?�Í�Ø

�Í �Ý�Ì�Ô�Ù�?�Í�Þ�Ù�Ú�â
�A �������������B�K�N���6�æ�á�â�ê
O �� �6�à 
O �� �6�å�Ô�Ü�á������������������

�r�����������������������������������������������������������������������������������������������������������������B�K�N���6�à �� 
R �� �6�å�Ô�Ü�á������������������������������������������������������������������

 (5) 

where Tsnow and Train equal -1 °C and 3 °C, respectively (McCabe and Wolock, 2009).  



90  Assessment of PET 

Psnowm is added to a separate snow bucket (snow), which melts as follows (adapted from 

McCabe and Wolock (2009); for details see Appendix S1): 

�I�A�H�P�à ���>�I�I �?
L 
\
�I�=�T�:�Ù 
I ���:�6�à 
F �6�æ�á�â�ê�;�� 
I �@�á�s�r�;�����������B�K�N���6�à 
O �w�ä�w�¹�%
�O�J�K�S�������������������������������������������������������������������������������������������������������������B�K�N���6�à �� 
R �w�ä�w�¹�%

  (6) 

with the snowmelt coefficient �. = 0.5 (McCabe and Wolock, 2009), and d = 30.5 denoting the 

average number of days per month. 

Finally, annual and seasonal drought indices are derived for evergreen and deciduous trees, 

respectively. Thereby, the annual drought index (Eq. 7) refers to all months featuring a mean 

�W�H�P�S�H�U�D�W�X�U�H�� �• 5.5°C (development threshold temperature k), whereby the seasonal drought 

index (Eq. 8) is in addition restricted to the growing season (April-October; Bugmann and 

Cramer, 1998). 

�Q�&�N�#�J 
L �s 
F ���Ã �@
�¾�Ø
�½�Ø

�A�Í�Ø���¹���Þ  (7) 

�Q�&�N�5�A 
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F ���Ã �@
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�½�Ø

�A�Í�Ø���¹���Þ�á�à�>�º�ã�å�?�È�Ö�ç�? (8) 

�)�R�U�&�O�L�P�¶�V��PET formulation 

To calculate monthly PET, ForClim applies a modified version of the Thornthwaite and Mather 

(1957) formulation (referred to as TM; Bugmann and Cramer, 1998): 

�6�/ �ã�������������������2�'�6�à 
L �H�L
I �� �@
�5�4

�Þ�Á�Ü

I �I�=�T�>�6�à �á �r�?�A

�Þ�¼

L �&�:�6�à �á �H�=�P�; (9) 

whereby lp includes a correction function for sun angle and day length depending on latitude 

(lat; Pastor and Post, 1984, 1985; Thornthwaite and Mather, 1957) and a correction factor for 

slope and aspect (Bugmann, 1996; Running et al., 1987), and kC is an empirical function 

(Thornthwaite, 1944). For reasons of parsimony and due to the rarity of very high monthly 

mean temperatures in central Europe, Bugmann (1994) decided to apply the function for all 

temperatures, including those >26.5 °C for which Thornthwaite and Mather (1957) had 

suggested an alternative (see further below). 

The PET formulation by Thornthwaite and Mather (1957) was empirically derived from data 

on monthly water loss from irrigation projects, watershed run-off monitoring and 

evapotranspirometers (Black, 2007; Thornthwaite, 1944; Thornthwaite and Mather, 1951, 
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1955). It is assumed to be independent of vegetation. Even though the PET formulation was 

derived mainly from mid-latitude data, it accounts for the changes in the duration of sunlight 

across months and latitudes by the sunlight-correction factor lp, which is assumed to be constant 

for sites poleward of 50°, based on theoretical assumptions (Thornthwaite and Mather, 1957). 

An analysis of empirical data on surface incoming shortwave solar radiation in Europe revealed 

that this assumption appears to be appropriate �L�Q���W�K�H���F�R�Q�W�H�[�W���R�I���W�K�H���F�D�O�F�X�O�D�W�L�R�Q���R�I���)�R�U�&�O�L�P�¶�V��

drought indices (for details see Appendix S2). 

Alternative PET formulations 

We compared the standard PET formulation (TM; Eq. 9) with four alternative formulations of 

differing complexity (Eqs. 10-13) by substituting TM in the WATER submodule of ForClim 

(Bugmann and Cramer, 1998). Three alternatives were based on the formulation by 

Thornthwaite and Mather (1957) as well (Eqs. 10-12), while one (Eq. 13) was based on the 

formulation by Priestley and Taylor (1972). �µ�&�R�P�E�L�Q�D�W�L�R�Q�� �P�R�G�H�O�V�¶��(e.g., Monteith, 1965; 

Penman, 1948) were not considered because they require many input data that are hardly 

�D�Y�D�L�O�D�E�O�H���D�Q�G���Z�R�X�O�G���W�K�X�V���O�L�P�L�W���W�K�H���P�R�G�H�O�¶�V���D�S�S�O�L�F�D�E�L�O�L�W�\. Notably, such formulations are applied 

in some DVMs (e.g., Collalti et al., 2014; Grote and Pretzsch, 2002; Smith et al., 2001), which 

however focus on other spatial and temporal scales than the ForClim model (e.g., daily amount 

of water available at the individual tree level; Grote and Pretzsch, 2002). 

The first alternative, TM.W, calculates PET according to Eq. 9 �I�R�U���P�H�D�Q���W�H�P�S�H�U�D�W�X�U�H�V���”�������� °C 

only. For months with mean temperatures >26.5 C°, PET is calculated as follows (Thornthwaite 

and Mather, 1957; Willmott et al., 1985): 

�6�/ �ä �9�ã�����2�'�6�à 
L �� 
F�v�s�w�ä�z�w
E�u�t�ä�t�v�� 
I �6 
F �r�ä�v�u�� 
I �� �6�6���á T >26.5°C (10) 

Further, two modified versions of the TM formulation were tested; Xu and Singh (1998) found 

seasonal biases between pan evaporation and the estimates by Thornthwaite (1948), which were 

most pronounced in spring and autumn. This is most likely due to a time lag between monthly 

mean air temperature (the only meteorological variable in this PET formulation) and radiation-

driven pan evaporation in spring and autumn (Xu and Singh, 1998). This effect may thus 

diminish the applicability of TM at the intra-annual scale. To account for this, TM.T1 calculates 

monthly PET using monthly air temperature of the subsequent month (Eq. 11), while TM.Ta 

applies the average of the current and the subsequent month�¶�V���W�H�P�S�H�U�D�W�X�U�H (Eq. 12). 
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 (12) 

Lastly, the formulation by Priestley and Taylor (1972) was used (Fisher et al., 2011) to provide 

�D���P�R�U�H���³�P�H�F�K�D�Q�L�V�W�L�F�´�����P�R�U�H���S�K�\�V�L�F�D�O�O�\-based PET estimate that relies primarily on radiation 

rather than temperature alone: 

�2�6�ã�����������������������������������2�'�6�à 
L �•�ƒ�š���>�Ù 
I ��
�ñ

�ñ�>�


I �4�á�á �r�? (13) 

where �. is the Priestley-Taylor coefficient (�. = 1.26 for freely evaporating surfaces), �� is the 

psychometric constant (0.066 kPa°C-1), �û is the slope of the saturation vapor pressure-

temperature relationship, and Rn is net radiation.  

Micrometeorological data and study sites 

The FLUXNET database provides high-resolution data for more than 500 micrometeorological 

tower sites around the world operating over multiple years (Baldocchi et al., 2001) and thus 

allows for a comparison of simulated vs. observed AET across a large environmental gradient.  

We used systematically harmonized and quality-controlled tier 1 data of forest sites in Europe 

and the United States that featured complete time series over at least three consecutive years of 

the following variables: air temperature, precipitation, net radiation and latent heat flux. For air 

temperature and precipitation, monthly values were provided, while for net radiation and latent 

heat flux, daily mean values were aggregated to monthly values. Years were discarded from the 

analysis if they contained more than 50% missing values for two or more subsequent months. 

When more than two time series were available for a site, both were used for the analysis, 

provided that they were both at least three years long.  

Overall, 25 sites featuring 28 time series were analyzed, covering both water-limited and 

energy-limited sites (Figs. 1-2; for further details see Appendix S3: Tables S3.1-S3.4). For each 

site, the water holding capacity of the soil (kBS) was estimated based on site-specific 

documentation and assigned to one of four kBS groups ranging from low to high water holding 

capacity of the soil: 5, 10, 15 and 20 cm.  
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Figure 1: Study sites and corresponding Köppen-Geiger classification (Baldocchi et al., 2001). For further details 
see Appendix S3: Tables S3.1-S3.4.  

 

Figure 2: Study sites and corresponding vegetation type (Baldocchi et al., 2001).  
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Performance measures 

The performance of the PET formulations was assessed by comparing simulated and observed 

monthly AET. Simulated monthly AET (Eq. 14) was assumed to be equivalent to the lesser of 

the soil-water supply (Sm, Eq. 2) and the soil-water demand (Dm, Eq. 3) function plus intercepted 

water (Pi): 

�#�'�6�à 
L �•�‹�•�:�5�à �á �&�à �; 
E �2�E���à (14) 

We used the following measures to assess the performance of the PET formulations: annual 

Percent Bias (PB; Eq. 15) and absolute Percent Bias (BP abs, Eq. 16), where PB describes the 

percentage of average over- or underestimation of simulated AET (AETsim) compared to 

observed AET (AETobs; Moriasi et al., 2007) over the months in which average temperature is 

above a threshold temperature k = 5.5 °C, i.e. the months used to derive the annual drought 

index in ForClim (Bugmann and Cramer, 1998): 

�2�$���>
F�?
L
�Ã �:�º�¾�Í�æ�Ü�à�Ø�?�º�¾�Í�â�Õ�æ�Ø�;�Å�Ø�±�Ö

�Ã �º�¾�Í�â�Õ�æ�Ø�Å�Ø�±�Ö
 (15) 

To also capture formulations featuring both negative and positive monthly deviations between 

simulated and observed AET that would cancel out when evaluating PB only, annual absolute 

PB was calculated: 

�=�>�O�K�H�Q�P�A���2�$���>
F�?
L
�Ã �:���º�¾�Í�æ�Ü�à�Ø�?�º�¾�Í�â�Õ�æ�Ø���;�Å�Ø�±�Ö

�Ã �º�¾�Í�â�Õ�æ�Ø�Å�Ø�±�Ö
 (16) 

Annual PBs per site were averaged, resulting in mean annual PB and mean annual absolute PB, 

respectively. To assess the performance over the course of the season, PB was calculated for 

spring (March-May), summer (June-August) and autumn (September-November), whereby all 

months were considered independent of their monthly mean temperatures. 
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Results 

The performance of the water module was found to depend on the climate type (Fig. 3), where 

it showed consistent behavior for the different PET formulations, i.e. AET was over- or 

underestimated for specific climate types independent of the PET formulation applied. Mean 

annual PB was often negative for sites in Mediterranean (Csa/Csb) and subarctic (Dfc) climate, 

indicating that simulated AET tended to be underestimated (Fig. 3a). In contrast, mean annual 

PB was generally positive for temperate oceanic (Cfb) and warm-summer humid continental 

(Dfb) sites, for which simulated AET thus tended to be overestimated. 

Differences between the PT and TM formulations were much more pronounced than differences 

among the four TM formulations (Figs. 3 and 4). PT generally simulated the highest yearly PET 

and drought indices, while the differences in PET and simulated drought were rather small 

between the TM formulations (Fig. 4). Within the TM formulations, the performance of TM and 

TM.W differed little, even for Mediterranean sites featuring warm or hot summers. TM.T1 

performed most differently, especially for Dfb and Dfc (Fig. 3a). Further, it showed the highest 

absolute PB values of the four TM formulations (Fig. 3b), indicating that the monthly 

differences between observed and simulated AET were highest for this formulation. 

 

Figure 3: Performance of the PET formulations per climate type (Köppen-Geiger classification). a mean annual 
PB of AET across the study sites; b mean annual absolute PB of the study sites. Bsk = cold semi-arid; CSa/Csb = 
Mediterranean; Cfa = Humid subtropical; Cfb = temperate oceanic; Dfb = war-summer humid continental; Dfc = 
subarctic; ET = alpine. For a description of the PET formulations applied, see Eqs. 9-13. For details regarding the 
sites, see Appendix S3: Tables S3.1-S3.4.   
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The PT formulation performed better than the TM formulations for subarctic (Dfc) sites (Fig. 

3a-b). For Mediterranean sites, mean annual PB was lowest, but mean absolute PB was highest 

for PT, pointing at systematic intra-annual differences of simulated and observed AET. 

Figure 4: a Mean simulated yearly PET and b mean simulated yearly annual drought index of the study sites per 
climate type. For a description of the PET formulations applied, see Eqs. 9-13. For details regarding the sites, see 
Appendix S3: Tables S3.1-S3.4.  

The performance of the PET formulations varied over the course of the season (Fig. 5, 

Appendix S4: Fig. S4.1 and Appendix S5: Figs. S5.1-S5.7), and they generally performed best 

for the summer months (Fig. 5b). However, Mediterranean (Csa/Csb) sites featured the 

strongest differences between observed and simulated AET in summer, with simulated AET 

being consistently underestimated for all formulations (Appendix S4: Fig. S4.1).  

In spring (Fig. 5a), all formulations tended to overestimate AET for temperate oceanic (Cfb) 

and warm-summer humid continental (Dfb) sites, with TM and TM.W outperforming the other 

formulations. For Mediterranean (Csa/Csb) and subarctic (Dfc) sites, PT slightly overestimated 

AET in contrast to the TM formulations, particularly TM and TM.W, which tended to 

underestimate AET. While TM.T1 and TM.Ta generally outperformed TM at Mediterranean 

(Csa/Csb) and warm-summer humid continental (Dfc) sites, the two formulations distinctly 

overestimated AET for temperate oceanic (Cfb) and warm-summer humid continental (Dfb) 

sites.  

In autumn (Fig. 5c), AET was captured comparably well for Mediterranean sites (Csa/Csb). For 

temperate oceanic (Cfb), warm-summer humid continental (Dfb) and subarctic (Dfc) sites, PT 

outperformed the TM formulations.  
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Figure 5: Mean seasonal PB of AET across the study sites per climate type for a spring (March-May; independent 
of monthly mean temperature), b summer (June-August), and c autumn (September-November; independent of 
monthly mean temperature). For a description of the PET formulations applied, see Eqs. 9-13. For details regarding 
the sites, see Appendix S3: Tables S3.1-S3.4. 

Discussion 

ForClim has been shown to be highly sensitive to water-related parameters (e.g., Huber et al., 

2018), but evaluating simulated drought in forests is a challenge because of the scarcity of data 

on both drought and PET. In ForClim, a modified version of the soil water balance model by 

Thornthwaite and Mather (1957) is applied to derive a measure of water deficit with an annual 

resolution for coupling to tree growth. Here, we assessed the currently applied PET formulation 

indirectly by confronting simulated with observed AET at forested FLUXNET sites, and by 

comparing simulated PET, AET and drought to estimates derived by alternative formulations. 

The results showed that the performance of the water module depended on the climate type, 

and no PET formulation consistently outperformed the others. Even though systematic 

differences between the PET formulations became obvious (e.g., a tendency for higher 

estimates of PET for the PT than the TM formulations), AET was consistently under- or 

overestimated for a specific climate type independently of the PET formulation applied. This 

suggests that exchanging the PET formulation does not generally improve simulated AET. 

Rather, the results point at shortcomings of the water module with regard to representing forest-

specific features, as discussed below. 
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Mediterranean (Csa/Csb) sites 

AET tended to be underestimated for Mediterranean sites independent of the PET formulation, 

particularly in summer. The underestimation of AET means that less water was evaporated in 

the model than in reality. This implies that water is either limited by the demand or the supply 

side (see Federer, 1982).  

On the demand side, simulated AET could be limited by PET (especially for the TM 

formulations, which simulated distinctly lower PET than the PT formulation). Yet, observed 

AET was not exceeding simulated PET in summer, thus pointing at a supply limitation, i.e. the 

issue being independent of the PET formulation.  

On the supply side, the strong underestimation of AET in summer may likely be due to two 

reasons. First, an overestimation of AET early in the growing season may lead to an erroneous 

depletion of the soil bucket, which subsequently limits AET in summer. Second, it is likely that 

trees in FLUXNET study sites had access to additional water sources not considered in the 

model, such as ground water (e.g., IT-Cpz, Reichstein et al., 2002). Not considering ground 

water (i.e., assuming a closed water balance) thus likely leads to an overestimation of simulated 

drought in Mediterranean and other dry-season forests (e.g., Baldocchi et al., 2004; De Cáceres 

et al., 2015; Poulter et al., 2009; Thrippleton et al., 2017), which has been explicitly shown for 

water-balance calculations by Folini (2015).  

Temperate oceanic (Cfb) and warm-summer humid continental (Dfb) sites 

Simulated AET was mostly overestimated for temperate oceanic (Cfb) and warm summer-

humid continental (Dfb) sites. The differences between simulated and observed AET were most 

pronounced in spring and autumn, particularly in April, May and October. While precipitation 

peaks in summer for the warm-summer humid continental (Dfb) sites, the course of the monthly 

precipitation is rather balanced among the year for the temperate oceanic (Cfb) sites (Appendix 

S3: Table S3.4). 

The general overestimation of AET independent of the PET formulation suggests that plant-

available water tends to be overestimated by the current water module for these climate types. 

In this context, the estimate of the water holding capacity of the soil is crucial because it 

determines the plant-available amount of water and the amount of water that is lost via run-off 

(e.g., De Cáceres et al., 2015). If the water holding capacity of the soil is overestimated, more 
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water can be lost by AET in the model than is actually available in the real forest, resulting in 

an overestimation of AET, which is possibly associated with an underestimation of drought. 

For example, on poor soils, AET may be low despite high precipitation because a large amount 

of water is lost via sub-surface runoff, thus leading to a limitation of AET due to the water 

holding capacity of the soil.  

For an appropriate estimation of the soil water holding capacity, soil texture and rooting depth 

should be considered, yet such data are hardly available due to a number of reasons, see De 

Cáceres et al. (2015) or Rigling et al. (2002) for mountain forests. In addition, surface runoff 

may be underestimated for heavy precipitation events. Thus, appropriately estimating the water 

holding capacity of the soil is of utmost importance for temperate oceanic and warm-summer 

humid continental sites, even though this is a challenging task due to sparse data. In line with 

our results, other studies have demonstrated that soil water holding capacity is a key parameter 

for DVMs indeed (e.g., Federer, 1982; Huber et al., 2018; Romano et al., 2011; Speich et al., 

2018; Thrippleton et al., 2017). 

Yet, the seasonal deviation of simulated to observed AET in spring and autumn likely points at 

an additional process influencing the monthly water balance in forests, i.e. phenology, more 

specifically the timing of leaf unfolding and leaf shedding. In spring, water uptake by trees is 

substantial (Schulze et al., 2002), yet this water is not transpired instantaneously because leaves 

are not unfolded yet. Thus, in contrast to grass and herbaceous species, trees are capable of 

temporarily storing significant amounts of water and thus delaying its release, a process that is 

not considered in the ForClim water module at all (and similarly ignored in most other DVMs; 

Speich et al., 2018). Yet, in spite of this deficiency, I do not expect this intra-annual process to 

significantly bias the drought index calculated on an annual basis in ForClim.  

Subarctic (Dfc) sites 

On average, simulated AET was close to observed AET for subarctic (Dfc) sites for those 

�P�R�Q�W�K�V���Z�L�W�K���D�Y�H�U�D�J�H���P�H�D�Q���W�H�P�S�H�U�D�W�X�U�H���•������ °C. Yet, AET was generally underestimated during 

cold months because evaporation and sublimation of snow is not considered in the model 

(McCabe and Wolock, 2009) and transpiration by trees is assumed to equal 0 (Thornthwaite 

and Mather, 1957). With regard to the calculation of the drought index, this however hardly 

causes any major issues. 
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Conclusions 

The performance of the water module as used in ForClim depended strongly on climate type. 

It consistently over- or underestimated AET, independent of the PET formulation. Simulated 

drought tends to be overestimated at Mediterranean sites, while it may be underestimated at 

oceanic and continental sites. We conclude that increasing the complexity of the PET 

formulations, e.g., by applying more mechanistic formulations, will hardly improve the 

estimates of water deficiencies in forests. Rather, more attention should be payed to forest-

specific features in the context of the water balance, such as the representation of ground water 

and phenological processes, because most water balance models used in DVMs today have 

originally been developed for agricultural applications. In particular, the following elements 

appear to be relevant when modeling water deficiencies in forests: ground water availability, 

the relationship between rooting depth and soil water storage as well as the timing of water 

uptake and water storage in trees (i.e., the link to tree phenology). 
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Appendix S1 - Adaption of the snow accumulation-and-melt 
module by McCabe and Wolock (2009) 

To account for the storage of water in form of snow in winter and its release during the 

vegetation period due to snow melting, the snow accumulation-and-melt module by McCabe 

and Wolock (2009) was implemented in ForClim v3.3.4 (Huber et al., submitted). Depending 

on monthly mean temperature (Tm), precipitation reaches the soil (Pm - Pim) either in the form 

of water or in the form of snow (Psnowm): 
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 (S1.1) 

where Tsnow and Train equal -1 °C and 3 °C, respectively (McCabe and Wolock, 2009).  

Psnowm is added to a separate snow bucket (snow), which melts in dependence of monthly 

mean temperature: 

�I�A�H�P���>�I�I �? 
L �I�=�T�:�Ù 
I ���:�6�à 
F �6�æ�á�â�ê�;�� 
I �@�á �r�; (S1.2) 

with the snow-melt coefficient �. = 0.5 (McCabe and Wolock, 2009), and d = 30.5 denoting the 

average number of days in a month.  

Yet, inspection of model behavior revealed issues with snowmelt, i.e. an underestimation of 

snowmelt in spring leading to a delayed disappearance of the snow cover, especially for sites 

at high altitudes (i.e. in the subalpine and upper subalpine elevation zones). This resulted in an 

overestimation of available water during the vegetation period and thus led to an 

underestimation of the drought indices. Since McCabe and Wolock (2009) calibrated Train, Tsnow 

and �. based on measured 1 April snow water equivalents at snow courses across the western 

US, snowmelt may be underestimated at higher temperatures, i.e. after 1 April. As snowmelt 

was hardly sensitive to the snow-melt coefficient �., when varied between 0.5 and 0.8 (results 

not shown), we analyzed the dependency between snow-cover days and monthly mean 

temperatures during the months of snowmelt based on the climate normals of 76 Swiss stations 

for the normal periods from 1961-1990 and 1981-2010 (MeteoSwiss, 2018). 
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This analysis revealed that snow-cover days decreased strongly with increasing monthly mean 

temperature and dropped to very low values (< 5 days) when temperatures exceeded 5 °C (Fig. 

S1.1). Thus, Eq. S1.2 was extended by the assumption that the entire snow bucket (snow) will 

melt when monthly mean temperatures reach or exceed 5.5 °C, corresponding to the 

development threshold temperature k (Bugmann, 1994). Furthermore, monthly snowmelt is 

assumed to be at least 10 mm independent of monthly mean temperature due to diurnal 

temperature fluctuations leading to snow melt even if monthly mean temperatures are below -

1 °C (Kuhn, 1987; Eq. S1.3). These changes led to a better representation of snow cover during 

the course of the year (Fig. S1.2).  

�I�A�H�P���>�I�I �?
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\
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I ���:�6�à 
F �6�æ�á�â�ê�;�� 
I �@�á�s�r�;�����������B�K�N���6�à 
O �w�ä�w�¹�%
�O�J�K�S�������������������������������������������������������������������������������������������������������������B�K�N���6�à �� 
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  (S1.3) 

 

 

Figure S1.1: Monthly mean temperature and snow-cover days during the period of snowmelt for 76 Swiss climate 
stations (n = 302). Dots indicate observed values. Lines show the fit of the exponential model (log(snow-cover 
days)~monthly mean temperature) with 95% confidence bands (adjusted R-square = 0.56).  
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Figure S1.2: Simulated snow bucket (snow) and observed snow cover days per month of the original (Eq. S1.2; 
left panels) and revised (Eq. S1.3; right panels) snowmelt functions for the three sites Bever (a and b; 1712 m 
a.s.l.), Davos (c and d; 1590 m a.s.l.) and Adelboden (e and f; 1325 m a.s.l.). Snow cover days represent the number 
of days with snow cover equal to or above 1 cm. Long-term means of snow cover days refer to the following 
periods: 1980-1990 for Samedan (1709 m a.s.l.), which was compared to Bever, 1961-1990 for Davos, and 1965-
1990 for Adelboden (MeteoSwiss, 2018). For simulation results, the mean of 100 years simulation time is shown. 
All values are given in cm water equivalents (WE).  
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Appendix S2 - Sunlight correction factor 

Methods 

The PET formulation by Thornthwaite and Mather (1957) was empirically derived from 

predominantly mid-latitude data (Black, 2007; Thornthwaite, 1944; Thornthwaite and Mather, 

1951, 1955). Yet, the formulation accounts for the changes in the duration of sunlight across 

months and latitudes by the sunlight-correction factor lp and thus allows adjusting PET 

estimates according to latitude. Based on theoretical assumptions, the sunlight-correction factor 

lp is assumed to be constant for sites poleward of 50° (Thornthwaite and Mather, 1957). The 

correctness of this assumption has however not been tested empirically so far. In order to test 

the effect of a constant correction factor above 50°, we thus analyzed surface incoming 

shortwave solar radiation (SIS; W/m2) provided by the Meteosat (MVIRI) solar surface 

irradiance and effective cloud albedo climate data set (Trentmann et al., 2013). SIS is the 

irradiance within a wavelength of 0.2-���� ���P�� �U�H�D�F�K�L�Q�J�� �D�� �K�R�U�L�]�R�Q�W�D�O�� �S�O�D�Q�H�� �D�W�� �W�K�H�� �(�D�U�W�K�� �D�Q�G��

considers both direct and indirect radiation (with scattering; Trentmann et al., 2013). European-

wide monthly mean values were calculated for six years (2000-2005; resolution = 0.03°; extent: 

latitude 30-70°, longitude -10-40°; Fig. S2.1). To analyze differences in SIS with latitude, we 

compared nine latitude classes from 30°-70°, whereby data of all grid cells within the interval 

(latitude - 1°, latitude + 1°) were considered. 

Results 

SIS is decreasing from the Mediterranean (30°, max SIS of 350 W/m2) towards the subarctic 

zone (70°, max SIS of 240 W/m2; Fig. S2.2). While the interquantile ranges for latitude classes 

���������ƒ���K�D�U�G�O�\���V�K�R�Z���D�Q�\���R�Y�H�U�O�D�S�����W�K�H�\���V�K�R�Z���V�W�U�R�Q�J���R�Y�H�U�O�D�S���I�R�U���O�D�W�L�W�X�G�H�V���•�������ƒ�����H�V�S�H�F�L�D�O�O�\���G�X�U�L�Q�J��

the summer months (Fig. S2.2). Since PET equals zero if monthly mean temperatures are < 0 

°C and water deficits in ForClim are considered only for months featuring mean temperatures 

�•�����������ƒ�&�����G�H�Y�H�O�R�S�P�H�Q�W���W�K�U�H�V�K�R�O�G���W�H�P�S�H�U�D�W�X�U�H�������G�L�I�I�H�U�H�Q�F�H�V���L�Q���6�,�6���G�X�U�L�Q�J���F�R�O�G���P�R�Q�W�K�V���K�D�U�G�O�\��

affect estimated drought indices. We thus conclude that assuming a constant sunlight correction 

factor lp for sites poleward of 50°, as suggested by Thornthwaite and Mather (1957), appears 

to be appropriate.  
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Figure S2.1: European-wide monthly mean values of surface incoming shortwave solar radiation (SIS; W/m2) in 
the year 2000 (resolution = 0.03°; extent: latitude 30-70°, longitude -10-40°).  
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Figure S2.2: Surface incoming solar radiation (SIS) per month and latitude. Dots and areas represent mean values 
and interquantile ranges, respectively. For each class of latitude, data of all grid cells within the interval (latitude 
- 1°, latitude + 1°) and a longitude of -10 to 40° were considered for the years 2000-2005. 
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Appendix S3 - Study sites 

 

Table S3.1: Study sites. Lat and Long denote latitude and longitude, respectively. Elev is elevation. Clim and 
IGBP refer to the Köppen-Geiger and vegetation classification (see Figs. 1-2), respectively. MAP denotes mean 
annual precipitation sum, while MAT is mean annual temperature. kBS refers to the water holding capacity of the 
soil and kSlAsp is the slope and aspect correction factor, which accounts for effects of the terrain on PET due to 
varying incident radiation (Bugmann and Cramer, 1998; Bugmann, 1996).  

FLUXNET 
ID  

Lat 
[°] 

Long 
[°] 

Elev 
[m] 

Clim 
 

IGBP 
 

MAP 
[mm] 

MAT 
[°C] 

kBS 
[cm] 

kSlAsp 
[-] 

Time period 
 

BE-Bra 51 5 16 Cfb MF 750 9.8 10 0 2008-2014 

BE-Vie 50 6 493 Cfb MF 1062 7.8 15 0 
1997-2001; 
2003-2008 

CH-Dav 47 10 1639 ET ENF 1062 2.8 10 0 
1997-2004; 
2006-2011 

DE-Hai 51 10 430 Cfb DBF 720 8.3 15 0 2000-2009 
DE-Obe 51 14 734 Cfb ENF 996 5.5 20 0 2011-2014 

DE-Tha 51 14 385 Cfb ENF 843 8.2 10 1 
1996-2003; 
2005-2014 

DK-Sor 55 12 40 Cfb DBF 660 8.2 15 0 2008-2012 
FI-Hyy 62 24 181 Dfc ENF 709 3.8 10 0 2004-2010 
FR-LBr 45 -1 61 Cfb ENF 900 13.6 10 0 2001-2008 
FR-Pue 44 4 270 Csa EBF 883 13.5 15 0 2004-2011 
IT-Cpz 42 12 68 Csa EBF 780 15.6 10 0 2003-2007 
IT-Lav 46 11 1353 Cfb ENF 1291 7.8 20 0 2003-2008 
IT-Ren 47 11 1730 Dfb ENF 809.3 4.7 10 0 2005-2013 
IT-Ro2 42 12 160 Csa DBF 876.2 15.15 15 0 2002-2006 
IT-SRo 44 10 6 Csa ENF 920 14.2 15 0 2001-2007 
NL-Loo 52 6 25 Cfb ENF 786 9.8 15 0 2002-2012 
US-Blo 39 -121 1315 Csa ENF 1226 11.09 10 0 2000-2005 
US-GLE 41 -106 3197 Dfc ENF 1200 0.8 5 0 2010-2014 
US-Me2 44 -122 1253 Csb ENF 523 6.28 15 0 2002-2014 
US-MMS 39 -86 275 Cfa DBF 1032 10.85 15 0 2000-2014 
US-NR1 40 -106 3050 Dfc ENF 800 1.5 5 0 1999-2014 
US-SRM 32 -111 1120 Bsk WSA 380 17.92 10 0 2004-2014 
US-Syv 46 -89 540 Dfb MF 826 3.81 10 0 2002-2007 
US-Ton 38 -121 177 Csa WSA 559 15.8 20 0 2002-2009 
US-WCr 46 -90 520 Dfb DBF 787 4.02 20 0 2000-2005 

  



Chapter 2 111 

 

Table S3.2: Study sites per climate type (Köppen-Geiger classification). 

Climate type # study sites Years (mean/site) Yearly AET 
[cm] 

AET / P 

Bsk 1 11 35.9 1.08 
Csa/Csb 7 7 57.0 0.70 
Cfa 1 15 67.2 0.61 
Cfb 9 9 50.8 0.54 
Dfb 3 7 46.9 0.60 
Dfc 3 9 53.5 0.64 
ET 1 14 64.0 0.73 

 

Table S3.3: Monthly mean temperatures [°C] averaged across years and study sites.  

Climate 
type 

Jan Feb Mar Apr May Jun Jul Aug Sept Oct Nov Dec 

Bsk 10.5 11.1 15.0 18.0 22.8 27.9 27.0 26.1 24.6 19.9 15.0 10.0 
Csa/Csb 5.6 6.2 8.8 11.2 15.6 19.7 22.9 22.2 19.0 14.7 9.8 6.3 
Cfa -1.2 0.3 6.7 13.4 17.9 22.5 23.9 23.7 19.7 13.5 7.2 0.8 
Cfb 1.2 1.4 4.5 8.6 12.4 15.4 17.3 16.9 13.7 9.7 5.3 1.7 
Dfb -7.9 -6.6 -2.4 4.2 9.5 14.9 17.3 16.0 12.5 6.0 -0.4 -6.1 
Dfc -7.4 -8.5 -4.1 0.0 5.3 11.1 14.5 13.2 9.0 2.7 -2.8 -6.6 
ET -3.5 -2.9 -1.2 1.9 6.3 9.4 10.8 11.0 7.5 4.2 0.0 -2.9 

 

Table S3.4: Mean monthly and annual precipitation [cm] per climate type. 

Climate 
type 

Jan Feb Mar Apr May Jun Jul Aug Sept Oct Nov Dec Yearly 
sum 

Bsk 1.7 1.5 1.6 0.8 0.3 0.9 10.3 6.8 4.2 1.2 1.2 2.7 33.3 
Csa/Csb 8.9 8.4 7.4 6.8 5.0 2.5 1.5 2.7 6.2 8.2 10.1 13.3 81.0 
Cfa 7.2 5.2 8.1 11.0 12.7 13.1 9.5 7.1 9.1 9.9 8.3 8.2 109.3 
Cfb 8.4 6.1 6.9 5.2 7.9 8.5 9.6 9.6 6.8 7.6 7.8 9.0 93.6 
Dfb 1.9 3.2 4.4 7.5 8.6 10.5 9.9 8.5 8.7 7.4 4.5 3.0 78.0 
Dfc 8.2 8.7 8.5 10.9 8.4 5.6 8.1 6.7 6.4 7.5 6.8 8.5 84.2 
ET 3.6 3.5 4.2 4.5 7.5 11.7 13.2 14.1 8.5 6.5 6.3 3.7 87.3 
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Appendix S4 - Extended results 
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Appendix S5 �± PET and AET per climate type and site 

 

 

 

 

Figure S5.1: Potential evapotranspiration (PET) according to Thornthwaite and Mather (1957) (TM, Eq. 9, left 
panel) and Priestley and Taylor (1972) (PT, Eq. 13, right panel) as well as simulated and observed actual 
evapotranspiration (AETsim and AETobs) for the study site of the cold semi-arid (Bsk) climate type.  
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Figure S5.2a: Potential evapotranspiration (PET) according to Thornthwaite and Mather (1957) (TM, Eq. 9, left 
panel) and Priestley and Taylor (1972) (PT, Eq. 13, right panel) as well as simulated and observed actual 
evapotranspiration (AETsim and AETobs) for the study sites of the Mediterranean (Csa/Csb) climate type.  
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Figure S5.2b: Potential evapotranspiration (PET) according to Thornthwaite and Mather (1957) (TM, Eq. 9, left 
panel) and Priestley and Taylor (1972) (PT, Eq. 13, right panel) as well as simulated and observed actual 
evapotranspiration (AETsim and AETobs) for the study sites of the Mediterranean (Csa/Csb) climate type.  
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Figure S5.3: Potential evapotranspiration (PET) according to Thornthwaite and Mather (1957) (TM, Eq. 9, left 
panel) and Priestley and Taylor (1972) (PT, Eq. 13, right panel) as well as simulated and observed actual 
evapotranspiration (AETsim and AETobs) for the study sites of the humid subtropical (Cfa) climate type.  
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Figure S5.4a: Potential evapotranspiration (PET) according to Thornthwaite and Mather (1957) (TM, Eq. 9, left 
panel) and Priestley and Taylor (1972) (PT, Eq. 13, right panel) as well as simulated and observed actual 
evapotranspiration (AETsim and AETobs) for the study sites of the temperate oceanic (Cfb) climate type.  
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Figure S5.4b: Potential evapotranspiration (PET) according to Thornthwaite and Mather (1957) (TM, Eq. 9, left 
panel) and Priestley and Taylor (1972) (PT, Eq. 13, right panel) as well as simulated and observed actual 
evapotranspiration (AETsim and AETobs) for the study sites of the temperate oceanic (Cfb) climate type. 
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Figure S5.4c: Potential evapotranspiration (PET) according to Thornthwaite and Mather (1957) (TM, Eq. 9, left 
panel) and Priestley and Taylor (1972) (PT, Eq. 13, right panel) as well as simulated and observed actual 
evapotranspiration (AETsim and AETobs) for the study sites of the temperate oceanic (Cfb) climate type. 
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Figure S5.5: Potential evapotranspiration (PET) according to Thornthwaite and Mather (1957) (TM, Eq. 9, left 
panel) and Priestley and Taylor (1972) (PT, Eq. 13, right panel) as well as simulated and observed actual 
evapotranspiration (AETsim and AETobs) for the study sites of the warm-summer humid continental (Dfb) climate 
type. 

  



Chapter 2 121 

 

 

 

Figure S5.6: Potential evapotranspiration (PET) according to Thornthwaite and Mather (1957) (TM, Eq. 9, left 
panel) and Priestley and Taylor (1972) (PT, Eq. 13, right panel) as well as simulated and observed actual 
evapotranspiration (AETsim and AETobs) for the study sites of the subarctic (Dfc) climate type. 
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Figure S5.7: Potential evapotranspiration (PET) according to Thornthwaite and Mather (1957) (TM, Eq. 9, left 
panel) and Priestley and Taylor (1972) (PT, Eq. 13, right panel) as well as simulated and observed actual 
evapotranspiration (AETsim and AETobs) for the study sites of the alpine (ET) climate type. 
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Abstract 

Dynamic forest models are a key tool to better understand, assess and project decadal- to 

centennial-scale forest dynamics. Despite their success, many questions regarding appropriate 

model formulations remain unresolved, and few models have found widespread application, 

e.g. across a whole continent. We aimed to scrutinize the representation of ecological processes 

in dynamic forest models so as to rigorously test core assumptions underlying forest dynamics 

and the consistency of their interplay, taking the ForClim model as a case study. 

We developed a set of alternative representations for the main ecological processes, i.e. tree 

establishment, growth and mortality, as well as light extinction through the canopy, based on 

diverse sources of empirical data. We applied a pattern-oriented modeling (POM) approach to 

test all combinations of the standard and alternative formulations (>500 model versions) against 

a comprehensive set of patterns for diverse model applications across a wide range of site 

conditions. 

We found that adapting one process in isolation can improve model performance for one 

specific application. However, the best model versions typically included more than one 

alternative formulation. Importantly, the best version for an individual application was 

generally not the best across multiple applications, emphasizing the varying influences of 

ecological processes. 

We conclude that the behavior and performance of complex models should not be analyzed for 

a few specific applications only. Rather, multiple applications, system states and dynamics of 

interest should be scrutinized across a wide range of site conditions. This allows for avoiding 

overfitting and detecting and eliminating structural shortcomings and parameterization 

problems. We thus propose to make use of the ever-increasing data availability and the POM 

framework to challenge the core processes of dynamic models in a holistic manner. For model 

�D�S�S�O�L�F�D�W�L�R�Q�V�����Z�H���S�U�R�S�R�V�H���W�K�D�W���D���V�H�W���R�I���D�O�W�H�U�Q�D�W�L�Y�H���I�R�U�P�X�O�D�W�L�R�Q�V�����³�H�Q�V�H�P�E�O�H���V�L�P�X�O�D�W�L�R�Q�V�´�����V�K�R�X�O�G��

be used to quantify the impacts of structural uncertainty, rather than to rely on the projections 

from one single model version. 

Keywords: DVM (Dynamic Vegetation Model), ecological factors, ecological theory, 

establishment, Europe, FGM (Forest Gap Model), ForClim, growth, long-term forest dynamics, 

mortality, pattern-oriented modeling 
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Introduction 

Simulating decadal- to centennial-scale forest dynamics is of high interest for manifold 

purposes, from testing assumptions about fundamental ecological processes (Botkin et al. 

1972b, Berzaghi et al. 2018) to projecting future stand development, forest composition and 

ecosystem service provisioning under scenarios of forest management and/or climate change 

(Biber et al. 2015, Irauschek et al. 2015, Shugart et al. 2018). Dynamic, process-based 

vegetation models (DVMs), particularly dynamic global vegetation models (DGVMs; e.g., 

Foley et al. 1996, Friend et al. 1997) and forest gap models (FGMs; e.g., Botkin et al. 1972a, 

Bugmann 2001, Shugart et al. 2018), are important tools for assessing long-term forest 

dynamics because they incorporate the key processes of tree regeneration, growth and mortality. 

Yet, the development of DVMs is challenging since many processes are involved and interact 

across temporal and spatial scales (Bugmann 2001, Keane et al. 2001, Price et al. 2001). Thus, 

large uncertainties remain regarding the quantification of the ecological processes that govern 

forest dynamics, including both structural and parameter-related uncertainties (e.g., Fortin et al. 

2009, Hlásny et al. 2014, Horemans et al. 2016, Reyer et al. 2016, Neumann et al. 2017, Huber 

et al. 2018, Bugmann et al. 2019). Not surprisingly, a plethora of model formulations are used 

in DVMs, but they are rarely benchmarked rigorously. Yet, alternative process formulations 

have the potential to strongly alter simulation results, particularly when DVMs are applied for 

climate change impact assessments (e.g., Nishina et al. 2015, Horemans et al. 2016, Bugmann 

et al. 2019). 

Since the introduction of DVMs in the late 1960s (Siccama et al. 1969, Botkin et al. 1972a), 

many efforts have aimed at improving process representations and enhancing model 

applicability (Larocque et al. 2016). Yet, these most often focused on single processes such as 

regeneration (e.g., Didion et al. 2011), light extinction through the canopy (e.g., Courbaud et 

al. 2003), phenology (e.g., Chuine and Beaubien 2001, Schaber and Badeck 2003) or mortality 

(e.g., Manusch et al. 2012). However, the focus on a single process during model development 

may lead to the implementation of a formulation that improves model performance through 

counterbalancing shortcomings in other parts of the model, instead of increasing the overall 

ecolo�J�L�F�D�O�� �U�H�D�O�L�W�\�� ���L���H������ �µ�J�H�W�W�L�Q�J�� �W�K�H�� �U�L�J�K�W�� �S�D�W�W�H�U�Q�V�� �I�R�U�� �W�K�H�� �Z�U�R�Q�J�� �U�H�D�V�R�Q�V�¶������ �7�K�L�V�� �U�L�V�N�� �L�V��

particularly high if only few highly aggregated model outputs are used for model evaluation 

(e.g., basal area for forest models). Despite pleas to jointly revisit core processes (i.e.tree 

establishment, growth and mortality; e.g., Bircher et al. 2015, Courbaud et al. 2015, Hülsmann 
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et al. 2018), this has �± at least to our knowledge �± not been done so far. Clearly, such an effort 

requires a comprehensive approach considering process interactions at multiple spatial and 

temporal scales. 

Pattern-oriented modeling (POM) provides a bottom-up framework to support such model 

assessment and improvement (Grimm et al. 1996). POM is a transparent approach to evaluate 

dynamic models by formulating alternative assumptions that are (1) treated as hypotheses 

within the same model architecture and (2) tested against multiple patterns observed from real 

systems (Grimm et al. 1996, Wiegand et al. 2003, Grimm and Railsback 2012). Thereby, a 

pattern denotes a characteristic, clearly identifiable structure in the nature of the modeled 

system itself or in field data (Grimm et al. 1996). By testing formulations with different levels 

of complexity (i.e., representing the real system at different levels of resolution), POM 

facilitates the identification of optimal model complexity (i.e., referred to as "Medawar zone"; 

Grimm et al. 2005). POM assumes that a model from which a diverse array of observed patterns 

emerges contains all relevant mechanisms with an appropriate level of complexity for the 

�P�R�G�H�O�¶�V���S�X�U�S�R�V�H��(Grimm et al. 2005, Grimm and Railsback 2012). 

While the original formulations of DVMs were sometimes developed completely independent 

of field data �± simply due to the lack of relevant data (e.g., Botkin et al. 1972a) �± increasingly 

available large datasets (e.g., Lichstein et al. 2014, Cailleret et al. 2017, Schelhaas et al. 2018), 

new techniques for the acquisition (e.g., Hyyppa et al. 2008, Choat et al. 2018) and analysis of 

ecological data (Hartig et al. 2012) provide a large potential for better ecosystem understanding. 

We use such data in a POM approach to rigorously test the representation of core processes 

underlying forest dynamics and the consistency of their interplay with a focus on European 

temperate forests. Due to the fact that different processes may be relevant for different 

applications (cf. Huber et al. 2018) and interactions between them are likely important, we 

hypothesize that the simultaneous scrutinization of all core processes is needed to improve the 

robustness of model projections for a broad set of applications in time and space. Therefore, we 

revisit the formulation of all core processes (i.e., tree establishment, growth and mortality as 

well as light extinction through the canopy) and rigorously test the underlying ecological 

assumptions against multiple patterns characterizing the structure (e.g., basal area), 

composition (e.g., dominant species) and succession (e.g., stand development over time) of 

forest ecosystems. We consider a broad set of model applications including long- and short-
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term simulations, monospecific and mixed-species forests, and different disturbance regimes at 

16 sites representing a cross-European gradient.  

In particular, we address the following questions:  

(1) Are modifications in more than one process needed to improve model performance across 

applications?  

(2) Which combination(s) of process formulations yield(s) the highest model performance? 

(3) What can we infer from these insights regarding the long-term dynamics of temperate 

forests? 

Methods 

FGMs are a class of DVMs that simulate the establishment, growth and mortality of individual 

trees (or cohorts) on small patches, approximating the size of a canopy gap created by the death 

of a dominant large tree, as a function of biotic and abiotic factors (Bugmann 2001). Based on 

the original JABOWA model (Siccama et al. 1969, Botkin et al. 1972a), several hundred FGMs 

have been developed worldwide across all major biomes (Kimmins 2004, Larocque et al. 2016). 

Despite numerous development efforts, many FGMs as well as other DVMs maintain many of 

the original assumptions of JABOWA (Bugmann 2001, Keane et al. 2001, Price et al. 2001, 

Kimmins 2004, Larocque et al. 2016). 

In JABOWA, trees are established as saplings and grow according to a diameter-related growth 

equation considering limitations due to shading and site insolation, climate (represented by 

patch-specific temperature) and soil quality (represented by patch-specific soil moisture and 

nutrient availability). Tree death is modeled as a random process and includes a mortality 

probability that is constant, depending on species-specific maximum tree age, and a stress-

related mortality probability that occurs if tree growth falls below a species-specific minimum 

(Botkin et al. 1972b).  

ForClim is a state-of-the-art JABOWA-type FGM that was initially developed to predict tree 

species composition and forest dynamics in the European Alps (Bugmann 1994, Bugmann 

1996c). The model has been used for numerous applications to address both fundamental 

ecological (e.g., Morin et al. 2014, Bircher 2015, Mina et al. 2016, Hülsmann et al. 2018) and 

applied questions such as future forest development under climate change (e.g., Gutierrez et al. 

2016, Klopcic et al. 2017, Mina et al. 2017). ForClim consists of four submodules: the 
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WEATHER and WATER submodules calculate the bioclimatic inputs for the PLANT 

submodule. The latter simulates species-specific establishment, growth and mortality of trees 

at yearly time steps on independent patches (usually 200) as a function of biotic and abiotic 

conditions (Bugmann 1996c), while the MANAGEMENT submodule allows for the simulation 

of a wide range of planting, cutting and thinning techniques (Rasche et al. 2011). The model is 

parameterized for >30 central European tree species, whereby the species parameters were 

estimated independently of the process representations (e.g., based on relative classifications, 

field or inventory data; Bugmann 1994, Wehrli et al. 2007, Rasche et al. 2012). An in depth- 

analysis and discussion of parameter sensitivity was performed by Huber et al. (2018) and is 

thus not repeated here. We used ForClim v3.3.4, corresponding to ForClim v3.3.3 (Mina et al. 

2017) extended by the snow accumulation-and-melt module by McCabe and Wolock (2009); 

for details of this extension, cf. Schwörer et al. (2016).  

To simultaneously scrutinize the formulations of the core processes tree establishment, growth 

and mortality as well as the light regime, we compared different assumptions on the 

representation of these �S�U�R�F�H�V�V�H�V���L�Q���)�R�U�&�O�L�P�����:�H���I�R�U�P�X�O�D�W�H�G���µ�D�O�W�H�U�Q�D�W�L�Y�H�¶�����S�X�W�D�W�L�Y�H�O�\���L�P�S�U�R�Y�H�G��

�S�U�R�F�H�V�V�� �D�Q�G�� �S�D�U�D�P�H�W�H�U�� �U�H�S�U�H�V�H�Q�W�D�W�L�R�Q�V�� �D�Q�G�� �F�R�P�S�D�U�H�G�� �W�K�H�P�� �W�R�� �W�K�H�� �S�U�H�Y�L�R�X�V���� �L���H������ �µ�V�W�D�Q�G�D�U�G�¶����

formulations. In addition, we revised the values of four species-specific parameters related to 

these processes based on expert knowledge and literature (Appendix S1: Table S1). 

An overview of all formulations (i.e., the standard and alternative formulations) is provided in 

Tables 1-2, and their rationale is explained below (section Ecological processes �± identification 

of alternative formulations); full details are provided in Appendix S1. To assess the standard 

vs. alternative assumptions of all processes simultaneously, we created a comprehensive set of 

model versions consisting of a factorial combination of the standard and all alternative 

formulations (Tables 1-2), amounting to a total of 504 model versions. 

�6�L�Q�F�H�� �W�K�H�� �P�R�G�H�O�¶�V�� �V�H�Q�V�L�W�L�Y�L�W�\�� �Z�L�W�K�� �U�H�V�S�H�F�W�� �W�R�� �W�K�H�� �G�L�I�I�H�U�H�Q�W�� �S�U�R�F�H�V�V�H�V�� �L�V�� �O�L�N�H�O�\�� �W�R�� �Y�D�U�\�� �X�Q�G�H�U��

different applications and environmental conditions (Huber et al. 2018), we ran all model 

versions at 16 sites representing a cross-European gradient for five applications considering 

long- and short-term forest dynamics, monospecific and mixed-species settings, and different 

disturbance regimes (natural or anthropogenic; see section Study sites and simulation protocol). 

To benchmark the performance of the model versions, we used the POM approach (see section 

POM approach: patterns and grading system). 
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Ecological processes �± identification of alternative formulations 

Establishment 

Establishment determines whether a species is present at given site (Bazzaz 1979) and thus 

strongly influences forest structure and species composition (Grubb 1977, Kobe et al. 1995, 

Price et al. 2001). Simulation results from DVMs are highly sensitive to the assumptions 

regarding tree establishment (e.g., Courbaud et al. 2015, Huber et al. 2018), thus rendering the 

accurate modeling of establishment a key research need (Price et al. 2001). Yet, this has not 

been picked up by the research community to date, with few exceptions (e.g., Lischke and 

Löffler 2006, Wehrli et al. 2007, Seidl et al. 2012), and in surprisingly many DVMs, the original 

and highly simplistic assumptions of the JABOWA model (Botkin et al. 1972a) are maintained. 

Many DVMs, including ForClim, capture regeneration in a highly aggregated manner by 

establishing trees with a dbh of typically 0.5-1.5 cm and an initial height >1.5 m (Bugmann 

2001, Price et al. 2001). Thus, the production, dispersal and germination of seeds as well as the 

growth and mortality of seedlings are typically not represented. This is mainly due to limited 

quantitative knowledge on the underlying processes, especially with regard to the very high 

mortality rates in the first years of tree life (e.g., Houle 1994, Germino et al. 2002, Castanha et 

al. 2013).  

When establishing trees of a certain dbh, the routines of DVMs have to answer the following 

questions: (1) Which species are able to establish given the currently prevailing conditions? (2) 

How many trees can establish per species and time step? In ForClim and other FGMs, it is 

assumed that (1) seeds of all species are always available (Price et al. 2001) and environmental 

filters determine the site-specific set of species available for establishment, including 

bioclimatic (e.g., temperature and soil moisture) as well as competition factors related to the 

overstorey (e.g., light; Bugmann 2001, Price et al. 2001). Interactions within the establishment 

layer are typically not considered. Further, it is often assumed that (2a) shade-tolerant species 

establish fewer saplings than shade-intolerant ones (e.g., Botkin et al. 1972a, Risch et al. 2005), 

and that (2b) the number of saplings to be established in a given year per species is determined 

using a uniformly distributed random number with a low maximum value (e.g., Botkin et al. 

1972a, Bugmann 1996c), thus effectively assuming recruitment limitation (cf. Clark et al. 

1999). 
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This set of assumptions is consistent with the fact that shade-intolerant species generally 

produce a large amount of small seeds while shade-tolerant species tend to be larger-seeded, 

which generally comes along with comparably low average seed numbers (e.g., Salisbury 1942, 

Smith and Fretwell 1974, Messina and Fox 2001, Grubb 2016). Yet, producing more seeds does 

not necessarily imply producing a higher number of saplings. Rather, larger-seeded species 

usually feature higher competitive ability among seedlings and higher tolerance of hazards 

during establishment than small-seeded species (e.g., Kollmann et al. 1998, Leishman 2001, 

Moles and Westoby 2006, Grubb 2016). Thus, a trade-off exists with regard to seed number 

and seed size, i.e. the so-�F�D�O�O�H�G���µ�V�H�H�G���Q�X�P�E�H�U-�V�H�H�G�O�L�Q�J���V�X�U�Y�L�Y�D�O�¶�����6�1�6�6�����W�U�D�G�H-off (e.g., Coomes 

and Grubb 2003).  

Ignoring the SNSS trade-off can severely bias simulated species composition, both after 

disturbance and in long-term simulations, by disproportionally favoring shade-intolerant 

species. Furthermore, the standard assumptions can lead to recruitment limitation of shade-

tolerant species because maximum sapling number is quite low. For species-poor or 

monospecific stands, the extent of recruitment limitation of shade-tolerant species as 

implemented in ForClim is not supported by recent empirical findings of post-disturbance forest 

dynamics (e.g., Collet et al. 2008, Petritan et al. 2013, Bílek et al. 2014, Bolte et al. 2014, Brang 

et al. 2015, Rozman et al. 2015). 

For the alternative establishment routine, we thus relaxed the recruitment limitation at the level 

of the individual species by introducing a fixed, but liberal maximum tree number (kTrMax), 

i.e. the maximum number of all trees per forest patch, from which the number of new saplings 

is deduced and subsequently distributed across the species that actually establish (Appendix S1: 

Fig. S2). This routine takes species interactions within the seedling and sapling layer into 

account and thus renders the a priori definition of species-specific maximum sapling numbers 

obsolete. To define which species are able to establish at a specific site, environmental filters 

are applied accounting for site-specific conditions. These were the same as in the standard 

routine (i.e., light availability at forest floor, maximum and minimum winter temperatures, 

degree-days, soil moisture and browsing pressure; Bugmann 1996c, Risch et al. 2005, Didion 

2009, Didion et al. 2011). Furthermore, an establishment probability parameter (kEstP) is used 

to determine whether establishment occurs in a given year or not. 

Within the structure of the alternative establishment routine, we formulated a set of options that 

can be combined with each other, resulting in six alternative formulations of increasing 
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complexity (E1-E6; Table 1). This was done to identify an optimal level of model complexity, 

as a simple formulation may neglect essential mechanisms, while a complex formulation may 

�Q�R�W���E�H���Q�H�H�G�H�G���I�R�U���W�K�H���P�R�G�H�O�¶�V���S�X�U�S�R�V�H��(Grimm et al. 2005, Arnold et al. 2015). In the following, 

a short overview is provided, while a detailed description is available in Appendix S1. 

First, for the derivation of the establishment probability parameter (kEstP), option a1 features a 

universal establishment probability (kEstP), while option a2 employs a site-specific 

establishment probability as a function of seasonal temperature and drought conditions. Thus, 

option a2 considers that establishment often fails at cold sites due to frost, wind abrasion, 

desiccation or snow movements (e.g., Kullman 2007), and at dry sites due to drought or 

overheating (e.g., Kolb and Robberecht 1999, Kitzberger et al. 2000). 

Second, to derive the maximum number of new saplings, maximum tree number (kTrMax) is 

reduced by site-specific limitations (drought, cold and number of existing trees; option b1). 

Option b2 takes additionally into account the actual establishment conditions (such as light 

availability at the forest floor, browsing pressure or chilling requirement) by reducing the 

�Q�X�P�E�H�U���R�I���Q�H�Z���W�U�H�H�V���D�V���F�R�Q�G�L�W�L�R�Q�V���D�U�H���D�S�S�U�R�D�F�K�L�Q�J���W�K�H���V�S�H�F�L�H�V�¶���O�L�P�L�W�V�����7�K�X�V�����R�S�W�L�R�Q��b2 considers 

increasing stress-induced mortality that acts to reduce the number of seeds, germinants, 

seedlings and saplings when confronted with increasingly harsh environmental conditions (e.g., 

Germino et al. 2002, Gomez-Aparicio et al. 2008). 

Third, for the allocation of the new saplings across species, option c1 assumes that the number 

of saplings is distributed equally across the species, while the environmental conditions acting 

upon each species are considered in option c2. Thus, in option c2, species for which 

establishment conditions are comparably good experience a competitive advantage with respect 

to sapling number (e.g., Rigling et al. 2013, Bílek et al. 2014). 

Table 1: Structure of the six alternative formulations of tree establishment (E1-E6). 

Alternatives E1 E2 E3 E4 E5 E6 

Establishment probability parameter (kEstP)       
  a1: constant x  x x   
  a2: site-specific  x   x x 
Maximum number of new saplings influenced by       
  b1: site-specific limitations x x     
  b2: as b1 + actual establishment conditions   x x x x 
Allocation of the new saplings across species       
  c1: equally x x x  x  
  c2�����D�F�F�R�U�G�L�Q�J���W�R���V�S�H�F�L�H�V�¶���H�V�W�D�E�O�L�V�K�P�H�Q�W���F�R�Q�G�L�W�L�R�Q�V    x  x 
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In summary, the alternative formulations (E1-E6, cf. Table 1), which first deduce the overall 

number of new saplings based on site and stand characteristics and subsequently distribute them 

across species, are expected to result in more realistic establishment patterns than the standard 

formulation (E0), for which the overall number of saplings is strongly influenced by the number 

of �V�S�H�F�L�H�V�� �W�K�D�W�� �D�U�H�� �X�V�H�G�� �L�Q�� �W�K�H�� �V�L�P�X�O�D�W�L�R�Q�� �D�Q�G�� �W�K�H�� �V�S�H�F�L�H�V�¶�� �V�K�D�G�H�� �W�R�O�H�U�D�Q�F�H�V���� �'�L�I�I�H�U�H�Q�F�H�V�� �L�Q��

simulation results are expected to be most pronounced for species-poor forests, and especially 

for shade-tolerant species. 

Growth 

Even though in most DVMs tree growth is modeled in much more detail than other processes 

such as establishment or mortality (Bugmann 2001, Keane et al. 2001), recent studies have 

shown that the representation of tree growth can still be improved in many DVMs (Guiot et al. 

2014), e.g. by accounting for intra-annual variability in the growth response to drought (Dufrene 

et al. 2005, Mina et al. 2016) or by considering lag effects (Misson 2004, Guillemot et al. 2017). 

�9�L�U�W�X�D�O�O�\�� �D�O�O�� �)�*�0�V���� �L�Q�F�O�X�G�L�Q�J�� �)�R�U�&�O�L�P���� �X�V�H�� �W�K�H�� �D�S�S�U�R�D�F�K�� �R�I�� �µ�F�R�Q�V�W�U�D�L�Q�H�G�� �R�S�W�L�P�X�P�� �J�U�R�Z�W�K�¶��

(Botkin et al. 1972a) to model the annual dbh growth of individual trees: the realized growth of 

an individual is derived from species-specific potential growth under (theoretical) optimum 

conditions, which is reduced by the effects of suboptimal conditions (Larocque et al. 2016), 

typically including bioclimatic constraints (e.g., summer warmth, soil moisture), biotic 

constraints (e.g., competition, crown length) and other limitations (e.g., nitrogen availability; 

Bugmann 2001).  

The growth equation of ForClim (Eq. 1) adheres to this form and is based on a modified version 

of the carbon budget model by Moore (1989). Optimum annual growth is reduced by the 

growth-reduction factor GRF that considers the following constraints: degree-day sum, soil 

moisture, nutrients, light availability and crown length (Moore 1989, Bugmann 1996c, Didion 

et al. 2009a). Growth is then allocated to diameter and height growth by accounting for 

competition effects (i.e., the amount of resources invested in height vs. diameter growth 

depends on light availability (Pothier and Margolis 1991, Naidu et al. 1998); details are 

provided below) and site-specific climatic conditions (Bugmann 1996c, Rasche et al. 2012). 
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where kG is the growth-rate parameter, H �L�V���W�U�H�H���K�H�L�J�K�W�����N�+�0�D�[���L�V���P�D�[�L�P�X�P���W�U�H�H���K�H�L�J�K�W�����¦h is 

a function that allocates volume growth to diameter and height growth, and GRF is a function 

that reduces maximum growth according to environmental constraints (Moore 1989, Bugmann 

1996c, Didion et al. 2009a, Rasche et al. 2012). Stem volume, biomass of branches and leaf 

area are derived via allometric equations, while root growth is not considered explicitly (Mina 

2016). 

In the context of such growth equations, the challenge of modeling annual radial tree growth 

can be decomposed into three parts: (1) the estimation of maximum growth rate (in the case of 

ForClim, kG); (2) the combination of multiple environmental constraints into one function 

(GRF, cf. Eq. 1) that serves to calculate actual annual radial growth; and (3) the allocation of 

volume growth to height and diameter growth. They are discussed in detail below. 

Growth-rate parameter (kG) 

The growth-rate parameter kG, which serves to capture maximum growth rate, strongly 

influences model behavior (Huber et al. 2018) while being difficult to estimate because it would 

require observations under optimal conditions (e.g., no competition, no water stress), for which 

data are excessively rare, especially across a broad range of species. 

For JABOWA, kG was determined manually so that a tree growing under optimum conditions 

reaches 2/3 of its species-specific maximum dbh at half of its species-specific maximum age 

(Botkin et al. 1972a, Kienast 1987). However, since this parameterization assumes that 

maximum dbh is not reached before maximum age, it is forced to distribute diameter growth 

over a relatively long period, resulting in excessively low optimum diameter growth at 

intermediate tree size (Bragg 2001; Fig. 1).  

To obtain an empirically based kG parameterization, we analyzed >50,000 individual tree-ring 

chronologies of 15 European species from the International Tree-Ring Data Bank (ITRDB), 

surprisingly revealing that (1) the 15 species fell into merely two groups of maximum radial 

increment, and (2) differences between species within each group were negligible (Appendix 

S1: Table S2): species able to re�D�F�K���D���K�H�L�J�K�W���R�I���D�W���O�H�D�V�W���§�������P���D�U�H���F�K�D�U�D�F�W�H�U�L�]�H�G���E�\���P�D�[�L�P�X�P��

ring-width increments of ca. 10 mm·yr-1 (99% percentile), while species with smaller maximum 

height reach maximum increments of ca. 5 mm·yr-1. These maximum values are in line with 

other empirical studies (Bragg 2001, Lee et al. 2004, Fyllas et al. 2017) and a later analysis 
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based on a pan-continental tree-ring width database comprising mostly other species (Cailleret 

et al. 2017; M. Cailleret, pers. comm.). Thus, we fitted the kG parameter for every species so 

that maximum diameter increment (i.e., twice the maximum radial increment) under optimum 

conditions reached 20 or 10 mm·yr-1 according to the group (Fig. 1). This alternative 

parameterization resulted in distinctly higher kG values, i.e. roughly a doubling when averaged 

across all species (Appendix S1: Table S1). 

We expect that this alternative kG parameterization (G1) results in more realistic individual and 

stand growth, for example with regard to the time needed to reach a certain dbh, thus resolving 

previously observed deficiencies in the representation of growth (e.g., Bragg 2001). 

 

Figure 1: Diameter increment under optimum conditions calculated with a standard and b alternative kG values. 

�6�R�O�L�G���D�Q�G���G�D�V�K�H�G���O�L�Q�H�V���Z�H�U�H���X�V�H�G���I�R�U���V�S�H�F�L�H�V���U�H�D�F�K�L�Q�J���D���P�D�[�L�P�X�P���K�H�L�J�K�W���•�������P���D�Q�G�����������P�����U�H�V�S�H�F�W�L�Y�H�O�\�� 

Growth-reduction factor (GRF) 

�7�K�H�� �D�S�S�U�R�D�F�K�� �R�I�� �µ�F�R�Q�V�W�U�D�L�Q�H�G�� �R�S�W�L�P�X�P�� �J�U�R�Z�W�K�¶�� �L�V�� �X�V�H�G�� �L�Q�� �Y�L�U�W�X�D�O�O�\�� �D�O�O�� �)�*�0�V���� �D�Q�G�� �W�K�X�V�� �W�K�H��

question how to combine multiple growth-reducing factors (GFs) into one annual growth-

reduction factor (GRF) continues to be subject to debate (Bugmann 2001, Niinemets 2010), and 

different approaches are being used (e.g., Pretzsch et al. 2002, Fyllas et al. 2007). 

In ForClim, a modified geometric mean is applied to combine the individual growth-reducing 

factors, GFs (Bugmann 1994, Bugmann 1996c): 
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This results in a more mellow reduction of growth compared to the strict multiplicative 

approach used e.g. in JABOWA (Botkin et al. 1972a), and it considers all GFs in contrast to 

e.g. �/�L�H�E�L�J�¶�V�� �/�D�Z�� �R�I�� �W�K�H�� �0�L�Q�L�P�X�P��(Liebig 1855). Yet, uncertainty exists with regard to the 

exponent of this equation, whose influence on model output has never been assessed but which 

seems to rather under- than overestimate the effect of unfavorable conditions on growth. Thus, 

we kept the general form of Eq. 2 for the alternative formulation (R1) but used the square root 

instead of the third root (Table 2) to reflect a generally more pronounced growth reduction than 

the standard formulation (R0 = Eq. 2; Appendix S1: Fig. S5). We acknowledge that this 

approach is arbitrary (since not directly measurable), but the comparison between the standard 

and the alternative formulation enables us to assess model sensitivity to this structural 

uncertainty. 

Allocation of volume growth to height and diameter growth 

Traditionally, most FGMs have treated tree height growth as a variable that depends on dbh via 

a fixed allometric relationship, whereas in reality the ratio of height to diameter increment is 

not constant, but depends on environmental conditions in a species-specific manner (e.g., 

Pothier and Margolis 1991, Naidu et al. 1998, Crecente-Campo et al. 2009).  

The standard formulation of ForClim features a light-dependent allocation to height vs. 

diameter growth that was introduced by Lindner et al. (1997) for the FORSKA model 

(Appendix S1: Eq. S3). It is based on two species-specific parameters (Lindner et al. 1997, 

Lindner 1998). In ForClim, parameter values were derived using a linear regression between 

�W�K�H���Y�D�O�X�H�V���L�Q���)�2�5�6�.�$���D�Q�G���W�K�H���V�S�H�F�L�H�V�¶���V�K�D�G�H���W�R�O�H�U�D�Q�F�H��(kLa; Appendix S1: Eqs. S4-S5; Rasche 

et al. 2012). Although the assumption that light availability influences the partitioning of growth 

into height and diameter growth is theoretically sound and qualitatively correct (Forrester et al. 

2017), inspection of model behavior revealed issues with the parameterization, i.e. an 

overestimation of diameter growth of shade-tolerant species at the expense of height growth, 

thus questioning the approach by Rasche et al. (2012). 

We introduced two alternative formulations (A1 and A2) to improve the partitioning of height 

vs. diameter growth for all species, and thus to better reflect basic ecological principles of 

species-specific allocation strategies. For A1, we used the original set of parameter values 

provided by Lindner (1998) for the FORSKA model. For A2, we retained the dependency on 

shade tolerance introduced by Rasche et al. (2012) but added a scaling factor (Appendix S1: 
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Eqs. S7-S8) to diminish the very strong differences in the allocation to diameter growth for 

shade-tolerant vs. shade-intolerant species arising from the standard parameterization (A0). 

Mortality 

Tree mortality has large impacts on short- and long-term forest dynamics and ecosystem 

services (Franklin et al. 1987, Millar and Stephenson 2015, Anderegg et al. 2016), yet tree 

mortality patterns in time and space are hard to study and even harder to explain (e.g., Monserud 

1976, Hawkes 2000, Eid and Tuhus 2001, Keane et al. 2001, Cailleret et al. 2017, Choat et al. 

2018, Hülsmann et al. 2018). Even though mortality formulations in DVMs have been criticized 

for a long time (Keane et al. 2001), the rigorous testing of alternative formulations has only 

recently received increasing attention and revealed that DVMs are sensitive to mortality 

formulations, particularly when applied for long-term simulations (Bigler and Bugmann 2004, 

Manusch et al. 2012, Holzwarth et al. 2013, Bircher et al. 2015, Hülsmann et al. 2018). 

To model individual-tree mortality, DVMs either apply theoretical (e.g., Bugmann 1996c, 

Hickler et al. 2012), empirically-derived (Pretzsch et al. 2002, Hlásny et al. 2014) or in a few 

cases highly mechanistic and detailed (McDowell et al. 2013) formulations. The original 

mortality formulation of JABOWA (Botkin et al. 1972a) and the standard formulation in 

ForClim (Bugmann 1996c) belong to the first category. In JABOWA-type FGMs, the annual 

�P�R�U�W�D�O�L�W�\���S�U�R�E�D�E�L�O�L�W�\���L�V���F�R�P�S�R�V�H�G���R�I�����������D���F�R�Q�V�W�D�Q�W���µ�E�D�F�N�J�U�R�X�Q�G�¶���P�R�U�W�D�O�L�W�\�������������D���V�W�U�H�V�V-induced 

mortality, and (3) a disturbance-related mortality (Keane et al. 2001), as explained below. 

The background mortality reflects individual tree death due to small-scale disturbance agents 

(e.g., windthrow, lightning or fungal attacks; Bugmann 1994), which are not represented 

explicitly in the model, and complex interactions among those. In most models, background 

mortality is species-specific (e.g., depending on species maximum age or shade tolerance) but 

independent of actual tree age, stand density, or the environment (Keane et al. 2001). ForClim 

applies a constant background mortality derived from species-specific maximum age (Botkin 

et al. 1972a), scaled so that 1% of the trees survive to maximum age in the absence of other 

sources of mortality (Shugart 1984, Bugmann 1996c). 

The stress-induced mortality is based on the findings that (1) radial growth is an integrative 

indicator for tree vitality (Dobbertin 2005), and (2) mortality events are typically preceded by 

periods of low radial growth (Bigler and Bugmann 2003). In most DVMs, this mortality is 
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linked to growth limitations such as low light availability, drought and other constraints (Keane 

et al. 2001, Larocque et al. 2016). In ForClim, it is acting when diameter increment falls (1) 

below 0.03 cm·yr-1 or (2) below 10% of maximum diameter increment (i.e., GRF <0.1) for at 

least three consecutive years (Bugmann 1996c).  

The disturbance-related mortality, also referred to as exogenous mortality, represents major 

landscape-level disturbances such as fire, pest outbreaks, avalanches or severe wind (Keane et 

al. 2001), or mortality due to management. Major landscape-level disturbances are captured via 

the parameter kDistP, representing the probability of disturbance killing all trees independent 

of species or tree height on a patch simultaneously (Busing and Solomon 2005). In addition, a 

wide range of planting, cutting and thinning techniques are available in ForClim to simulate 

management interventions explicitly (Rasche et al. 2011). 

The combination of a background and a stress-induced mortality formulation is often claimed 

to result in a U-shaped mortality function over tree diameter (Bugmann 2001, Keane et al. 

2001). Such a relationship results from ecological theory because of high competition-induced 

mortality of small trees and amplified mortality of large trees due to their exposure to a high 

number of mortality agents (Goff and West 1975, Lorimer and Frelich 1984, Franklin et al. 

1987, Harcombe 1987). Yet, empirical studies have not revealed a consistent pattern but either 

U- or reverse J-shaped mortality over tree size (e.g., Monserud and Sterba 1999, Hurst et al. 

2011, Holzwarth et al. 2013, Ruiz-Benito et al. 2013, Hülsmann et al. 2016, Hülsmann et al. 

2018). In the case of ForClim, detailed inspection of model formulation and behavior revealed 

that high competition-induced mortality rates of small trees are represented by the stress-

induced mortality formulation indeed. However, the increasing mortality rates of large trees are 

not captured by the standard formulation, but tall trees are able to persist for a very long time, 

especially at sites featuring good growing conditions, thus representing a reverse J-shaped 

relationship between dbh and mortality probability. Furthermore, trees of short-lived species 

feature a distinctly higher background mortality probability than trees of long-living species 

(Bugmann 1996c; Appendix S1: Fig. S8). Especially in the context of small trees, it has been 

questioned (e.g., Keane et al. 2001) whether species-specific differences in simulated mortality 

probabilities originate from processes related to small-scale disturbances (e.g., windthrow, 

lightning or fungal attacks). 

To test the implications of U-shaped vs. J-shaped mortality for long-term forest dynamics, we 

formulated an alternative theoretical background mortality (M1) that is not constant throughout 
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tree life but increases exponentially with dbh, based on a modified version of the relationship 

proposed by Manusch et al. (2012) (Fig. 2; Appendix S1: Figs. S6-8; Appendix S1: Eq. S10). 

Instead of an alternative theoretical mortality formulation, other types of formulations could 

have been used, as for example empirical formulations. Such formulations have however been 

explored in other recent studies (Hülsmann et al. 2018, Bugmann et al. 2019, Thrippleton et al. 

2019). In this study, when comparing the alternative to the standard formulation, we expect the 

alternative to yield more realistic forest structure for long-term simulations of unmanaged 

stands, where mortality of large trees is particularly relevant (e.g., Worrall and Harrington 1988, 

Nagel and Diaci 2006, Trotsiuk et al. 2012, Holzwarth et al. 2013, Hobi et al. 2015). In addition 

to the increasing mortality probability with tree size, the alternative formulation assumes a 

similar, species-independent background mortality probability for small trees. In line with 

empirical findings (Niinemets and Valladares 2006, Petritan et al. 2007, Collet et al. 2008, 

Holzwarth et al. 2013), species-specific differences in simulated mortality probabilities of small 

trees thus result primarily from the species-specific susceptibility to environmental stress 

instead of background mortality. 

 

Figure 2: Standard and alternative background mortality formulations for Picea abies. a Annual background 
mortality probability, and b 10-yr survival probability. Maximum age and maximum dbh are 930 years and 200 
cm, respectively. 

Light regime 

Light availability is one of the most important constraints on temperate forest dynamics, co-

determining both tree growth and the abundance and composition of the regeneration layer 

(Bazzaz 1979, Canham et al. 1994, Kobe et al. 1995, Valladares and Niinemets 2008). 
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Consequently, DVMs are highly sensitive to light-related processes (Leemans 1991, Beaudet 

et al. 2002, Pappas et al. 2013, Huber et al. 2018). 

To represent the forest canopy, global DVMs have typica�O�O�\�� �X�V�H�G�� �D�� �µ�E�L�J-�O�H�D�I�¶�� �D�S�S�U�R�D�F�K�� �W�K�D�W��

describes the entire canopy as one single vegetation element (e.g., Bonan 1996, Sellers et al. 

1996)�����,�Q���F�R�Q�W�U�D�V�W�����)�*�0�V���K�D�Y�H���W�\�S�L�F�D�O�O�\���D�S�S�O�L�H�G���D�Q���µ�R�S�D�T�X�H���E�O�D�Q�N�H�W�¶���D�S�S�U�R�D�F�K��(Kimmins 2004) 

at the level of the individual tree that assumes that all its leaves are located in an infinitesimally 

thin layer at the tree top and are spread evenly across the entire patch (typical size of 100-1000 

m2; Botkin et al. 1972b, Bugmann 2001)���� �,�Q���F�R�Q�W�U�D�V�W���W�R���W�K�H���µ�E�L�J-�O�H�D�I�¶�� �D�S�S�U�R�D�F�K���� �W�K�H�� �µopaque 

�E�O�D�Q�N�H�W���F�D�Q�R�S�\�¶���D�F�F�R�X�Q�W�V���I�R�U���Y�H�U�W�L�F�D�O���F�D�Q�R�S�\���K�H�W�H�U�R�J�H�Q�H�L�W�\�����\�H�W���L�W���G�R�H�V���Q�R�W���F�R�Q�V�L�G�H�U���K�R�U�L�]�R�Q�W�D�O��

heterogeneity. Thus, it may be appropriate for spatially uniform forests composed of species 

that feature a plastic crown architecture and can grow towards areas with reduced competition 

in response to enhanced light availability (Canham 1988, Young and Hubbell 1991, Muth and 

Bazzaz 2003, Kimmins 2004). Yet, with all leaves being concentrated at the top of the tree, the 

assumption implies that trees of a certain height shade all smaller trees without being shaded 

by them at all (Fig. 3b), which leads to sharp asymmetry of competition (Bugmann 2001). This 

may be problematic particularly for (1) stands that feature small canopy gaps (Kimmins 2004) 

because in th�H���µ�R�S�D�T�X�H���E�O�D�Q�N�H�W�¶���D�S�S�U�R�D�F�K�����Q�R���G�L�U�H�F�W���O�L�J�K�W���U�H�D�F�K�H�V���W�K�H���I�R�U�H�V�W���I�O�R�R�U�����R�U�����������V�W�D�Q�G�V��

that are composed of trees of similar height, such as even-aged stands because the few dominant 

trees (i.e., the tallest cohort; Assmann 1970) are assumed to fully shade all other trees. The 

resulting bias is expected to be most pronounced in conifer-dominated forests because conifers 

generally feature comparably narrow crowns (Büsgen and Münch 1929, Burger 1952, Assmann 

1970). 

Various approaches have been proposed to capture light attenuation more accurately, which 

come along with much larger complexity, e.g. by modeling three-dimensional tree crowns (e.g., 

Pacala et al. 1996, Köhler and Huth 1998, Courbaud et al. 2003, Strigul et al. 2008). For 

ForClim, we decided to adhere to the original canopy representation, i.e. applying the Lambert-

Beer law (Monsi and Saeki 2005) as a function of leaf area index (LAI) to simulate light 

availability across the canopy profile (Fig. 3b-c; Bugmann 1996c). However, with the aim of 

increasing realism while keeping complexity low, we relaxed the restrictive assumption of the 

horizontal homogeneity of tree crowns by simulating crown projection area (cpa) as a function 

of dbh (Pretzsch 2014). Thus, the fraction of the patch that is shaded by tree crowns is 

determined for each canopy layer. In the shaded part, the Lambert-Beer law is applied, whereas 
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light penetrates to the lower layers without any extinction in the remainder of the patch (Fig. 

3d). To simulate individual tree cpa, species-specific allometries (cpa = ea + dbhb) were derived 

from long-term experimental plots (Pretzsch 2014). We used two parameterizations, resulting 

in the alternatives L1 and L2, to assess model sensitivity to the additional species-specific 

parameters (a and b): while L1 was based on the standard linear regression of the allometry, a 

95% percentile regression was used for L2 (cf. Pretzsch 2014 and Appendix S1). Thus, L2 

represents an in-between formulation of the standard (L0) and L1 formulation because it 

distributes the leaves across wider crowns than L1, but not necessarily across the whole patch. 

Note that total foliage area per tree and per patch is the same for all formulations; it is merely 

the horizontal pattern that differs. 

Overall, the alternative formulations that take into account species- and diameter-specific cpa 

(L1 and L2) are expected to provide more realistic results of light penetration across the canopy 

and light availability at the forest floor. 

 

Figure 3: Light regime: a Schematic representation of an idealized forest patch, b �µ�2�S�D�T�X�H���E�O�D�Q�N�H�W�¶���U�H�S�U�H�V�H�Q�W�D�W�L�R�Q��
of the canopy for this patch, whereby ForClim applies a cohort approach (i.e., trees of a species with identical age 
belong to one cohort), c standard light formulation L0, and d alternative formulations (L1 and L2) considering cpa. 
Note that for the alternatives L1 and L2, two parameterizations were used (i.e., the standard and 95% regression 
allometry). The grey areas in c and d represent the fraction of the patch area that is filled with leaves, while the 
yellow arrow represents the light that is penetrating through the canopy. 
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Study sites and simulation protocol 

�6�L�Q�F�H���W�K�H���P�R�G�H�O�¶�V���V�H�Q�V�L�W�L�Y�L�W�\���W�R���W�K�H���G�L�I�I�H�U�H�Q�W���F�R�U�H���S�U�R�F�H�V�V�H�V�����L���H���� tree establishment, growth and 

mortality, as well as light extinction through the canopy, varies under different applications and 

environmental conditions (Huber et al. 2018), we assessed all model formulations at 16 sites 

along a cross-European gradient (Fig. 4) for both long-term unmanaged and short-term 

managed applications of mixed-species and monospecific stands, as described in detail below. 

 

Figure 4: Study sites in environmental space spanned by mean annual temperature and mean annual precipitation 
sum. The biomes (boreal, temperate and Mediterranean) are based on the Whittaker (1975) biomes modified by 
Ricklefs (2010). Europe-�Z�L�G�H���F�O�L�P�D�W�H���G�D�W�D���Z�H�U�H���G�H�U�L�Y�H�G���I�U�R�P���:�R�U�O�G�&�O�L�P�����U�H�V�R�O�X�W�L�R�Q��� ���������¶�����Hxtent: latitude 35-
80°, longitude -10-40°). Note that forests are not able to persist across the whole European temperature-
precipitation range but are replaced by grass- and shrubland under cold or hot and dry conditions, and that no 
Mediterranean tree species were considered in this study. 

The long-term unmanaged simulations refer to natural forest dynamics excluding any 

management interventions. We used nine Swiss sites from a frequently applied environmental 

gradient (e.g., Bugmann and Solomon 2000, Didion et al. 2009b, Rasche et al. 2012), covering 

a wide range of temperature and drought conditions (Fig. 4; Appendix S1: Table S5). For the 

climate data, long-term monthly means of temperature and precipitation sums, their standard 

deviation and cross-correlation were calculated from an interpolated gridded database 

representing historical climate (resolution of 100 x 100 m; Thornton et al. 1997). Based on the 

long-term climate data, the weather generator of ForClim (Bugmann 1996c) created monthly 

weather data for each of the 200 forest patches that were simulated per site. To analyze natural 
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�I�R�U�H�V�W�� �G�\�Q�D�P�L�F�V���� �Z�H�� �U�D�Q�� �V�L�P�X�O�D�W�L�R�Q�V�� �I�R�U�� �I�R�X�U�� �µ�D�S�S�O�L�F�D�W�L�R�Q�V�¶�� �G�L�I�I�H�U�L�Q�J�� �L�Q�� �V�S�H�F�L�H�V�� �F�R�P�S�R�V�L�W�L�R�Q��

(mixed vs. monospecific) and the exogenous disturbance regime, i.e. frequency of major 

landscape-level disturbances (old-growth vs. shifting mosaic). For the mixed-species 

simulations, all species were allowed to establish via natural regeneration, while for the 

monospecific simulations, the species set was restricted to the most dominant species of the 

expected potential natural vegetation (PNV; Appendix S1: Table S5). For the old-growth 

simulations, mortality due to major, landscape-level (stand-replacing) disturbances was 

excluded, while we applied an average disturbance period of 300 years (Schumacher 2004, 

Janda et al. 2017) for the shifting-mosaic simulations. For all long-term applications, we started 

�W�K�H���V�L�P�X�O�D�W�L�R�Q�V���I�U�R�P���µ�E�D�U�H �J�U�R�X�Q�G�¶���D�Q�G���U�D�Q���W�K�H�P���I�R�U�������������\�H�D�U�V�����L���H�������W�R���D���G�\�Q�D�P�L�F���H�T�X�L�O�L�E�U�L�X�P���� 

For the short-term managed simulations, we used seven sites featuring managed and 

predominantly even-aged planted forests of the PROFOUND reference dataset (Reyer et al. 

2019; Fig. 4; Appendix S1: Table S6), which provides harmonized climate, soil and forest 

inventory data. We initialized ForClim with the individual tree data from the first inventory and 

ran simulations to the last inventory (13-66 years) using the measured weather data from local 

meteorological stations to drive the model. Mixed-species and monospecific simulations were 

run for two and five sites, respectively, according to the actual species composition of the 

respective site. Historical management was deduced from forest inventory data. Apart from 

management, no disturbances were considered. 

POM approach: patterns and grading system 

We adopted the POM approach to assess and simultaneously evaluate the standard and 

alternative formulations of the three processes establishment, growth and mortality as well as 

the light regime. POM seeks model versions that reproduce a diverse set of patterns, i.e. 

characteristics of the complex system of interest. In the case of forests, such observable patterns 

may include tree number, size-class distribution, tree height, growth rates, basal area, biomass, 

species composition or the amount and spatial distribution of dead wood (Wiegand et al. 2003, 

Grimm et al. 2005, Grimm and Railsback 2012). Thereby, patterns should emerge from the 

�P�H�F�K�D�Q�L�V�P�V�� �E�H�O�L�H�Y�H�G�� �W�R�� �E�H�� �L�P�S�R�U�W�D�Q�W�� �I�R�U�� �W�K�H�� �P�R�G�H�O�¶�V�� �D�S�S�O�L�F�D�W�L�R�Q���� �F�K�D�U�D�F�W�H�U�L�]�H�� �W�K�H�� �P�R�G�H�O�H�G��

system, and be observed at multiple levels and scales (Grimm and Railsback 2012). 

We defined two comprehensive sets of patterns, i.e. one for the long-term unmanaged and one 

for the short-term managed application (Table 3). For the long-term unmanaged applications, 
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we derived site-specific lower and upper values for each pattern (referred to as plausible range) 

based on published data from old-growth forests across Europe and site-specific literature (for 

details see Appendix S1: Table S7). Thereby, we defined two sets of values, depending on the 

exogenous disturbance regime: for basal area (BA7), the share of giant trees (BATrs80) and the 

minimum age of trees of the mature timber stage (MinAge50), the ranges of values were 

assumed to be higher for the old-growth (no major landscape-level disturbances) than the 

shifting-mosaic applications, while for tree numbers (Trs and Trs7) it was vice versa. For the 

short-term managed application, inventory data were used for benchmarking (see Appendix S1: 

Table S6; Reyer et al. 2019). 

To benchmark the 504 model versions and identify combinations of model structures 

performing particularly well or poorly, we applied a grading system. The performance of the 

�P�R�G�H�O�� �Y�H�U�V�L�R�Q�V�� �Z�D�V�� �I�L�U�V�W�� �D�V�V�H�V�V�H�G�� �I�R�U�� �H�D�F�K�� �S�D�W�W�H�U�Q�� �L�Q�G�L�Y�L�G�X�D�O�O�\�� ���µ�S�D�W�W�H�U�Q�� �S�H�U�I�R�U�P�D�Q�F�H�¶���� �E�\��

comparing the simulated with the expected/observed values at each site and for each 

application. Depending on the difference between simulated and expected/observed values, the 

model versions gained or lost points for each pattern. In order to identify model versions with 

unacceptably low performance for at least one pattern, we applied a strong negative penalty that 

could not be compensated by good performance for other patterns. We applied the following 

grading system: (1) each model version got +1 point for every pattern whose simulated value 

was within the specified site-specific plausible range (long-term simulations) or within ±20% 

of the observed value of the last inventory (short-term managed simulations); (2) each model 

version got a penalty of -10 points for every pattern whose simulated value was equal/larger 

than twice the value of the upper threshold or equal/smaller than half the value of the lower 

threshold (long-term simulations) or outside ±50% of the observed value (short-term managed 

simulations); (3) 0 otherwise. For the dominant species (SpDom), each model version got +1 

point if the simulated most dominant species corresponded to the expected most dominant 

species of the PNV (Appendix S1: Table S5). If this was not the case, 0 was assigned if the 

percentage of basal area (BA7) of the expected most dominant species of PNV was > 5% of 

total BA7, and a penalty of -10 points was assigned otherwise because the species was either 

not able to establish at all or able to establish but not able to grow and persist. 

�7�K�H�� �G�H�U�L�Y�H�G�� �S�D�W�W�H�U�Q�� �S�H�U�I�R�U�P�D�Q�F�H�V�� �Z�H�U�H�� �D�J�J�U�H�J�D�W�H�G�� �W�R�� �D�� �µ�V�L�W�H�� �S�H�U�I�R�U�P�D�Q�F�H�¶�� �S�H�U�� �Y�H�U�V�L�R�Q�� �D�Q�G��

�D�S�S�O�L�F�D�W�L�R�Q�� �E�\�� �V�X�P�P�L�Q�J�� �X�S�� �W�K�H�� �S�R�L�Q�W�V�� �D�V�V�L�J�Q�H�G�� �W�R�� �H�D�F�K�� �S�D�W�W�H�U�Q���� �6�X�E�V�H�T�X�H�Q�W�O�\���� �D�� �µ�Y�H�U�V�L�R�Q��

�S�H�U�I�R�U�P�D�Q�F�H�¶�� �Z�D�V�� �G�H�U�L�Y�H�G�� �I�R�U�� �H�D�F�K�� �P�R�G�H�O�� �Y�H�U�V�L�R�Q�� �D�Q�G�� �D�S�S�O�L�F�D�W�L�R�Q�� �E�\�� �V�X�P�P�L�Q�J�� �X�S�� �Whe site 
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performances of the respective model version across all sites. Based on the version 

performances, we finally derived three sets of model versions per application: (1) a set of the 

10% most promising (i.e., best-performing) model versions; (2) a set of model versions 

performing better than the standard model (i.e., ForClim v3.3.4); and (3) a set of the 10% worst 

model versions, i.e., those with the lowest performance. A sensitivity analysis confirmed that 

these sets were robust regarding different grading systems, especially regarding the penalty, 

and also robust when considering one or two criteria more or less (results not shown). 

�0�R�U�H�R�Y�H�U�����W�K�H���F�R�U�U�H�O�D�W�L�R�Q�V���R�I���W�K�H���S�D�W�W�H�U�Q���S�H�U�I�R�U�P�D�Q�F�H�V���Z�H�U�H���P�R�V�W�O�\���µ�Z�H�D�N�¶�����_�U�_���������������P�D�[�L�P�X�P��

= 0.46), indicating that the patterns addressed different characteristics of the modeled system 

and thus were not redundant. 

Table 3: Patterns used to test model versions. 

Pattern  Description Point in time Level 

Long-term     
  BA7 [m2/ha] basal area of all trees with dbh 

�•�����F�P 
dynamic 
equilibrium (year 
1500) 

total stand 

  Trs7  [#/ha] tree number of all trees with dbh 
�•�����F�P 

dynamic 
equilibrium 

total stand 

  TrsPole [#/ha] tree number of small poles (trees 
with dbh between 8-12 cm) 

dynamic 
equilibrium 

small poles 

  BATrs80 [%] percentage of BA7 of giant trees 
���W�U�H�H�V���Z�L�W�K���G�E�K���•�������F�P�� 

dynamic 
equilibrium 

giant trees 

  MinAge50  [years] minimum age of trees of mature 
�W�L�P�E�H�U���V�W�D�J�H�����G�E�K���•�����F�P�� 

dynamic 
equilibrium (years 
1400-1500) 

mature 
timber stage 

  TBA50  [years] time to reach 50% of BA7 early succession total stand 
  SpDom1  [%] percentage of BA7 of the 

expected most dominant species 
of PNV on total BA7 

dynamic 
equilibrium (year 
1500) 

species 

Short-term 
managed 

   

  BA7 [m2/ha] basal area of all trees with dbh  
�•�������F�P 

last inventory total stand 

  Trs7 [#/ha] tree number of all trees with dbh 
�•�������F�P 

last inventory total stand 

  HDom [m] dominant height: mean height of 
the 100 tallest trees per ha 

last inventory dominant 
trees 

  DbhMax [cm] maximum dbh last inventory most 
dominant 
individual 
tree 

1 used for mixed-species simulations only.  
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Results 

The best model version per application (i.e., across patterns and sites) always performed better 

than the standard model (Fig. 5), which was not included in the set of 10% best model versions 

of any application. The performance of the best model version for a specific application was 

generally lower when used for another application, and in some cases version performance then 

was even below the performance of the standard model (Fig. 5). Seven model versions 

performed better than the standard model for all five applications (Appendix S2: Table S1), but 

none of these versions was included in all five sets of 10% best model versions. 

 

Figure 5: Relative version performances for each application (n=504 in each box plot). Relative version 
performances were derived by dividing version performances (see POM approach: patterns and grading system) 
by the maximum number of points the model versions could achieve per application (i.e., a relative performance 
of 1 indicates that all patterns were met at all sites). OG: old growth, SM: shifting mosaic, mono: monospecific, 
MAN: short-term managed. For mono and mixed OG, the same model version performed best (resulting in only 
four �± instead of five �± blue asterisks per application). Further, some of the seven versions performing better than 
the standard model for all applications (red open circles) achieved nearly identical performances for certain 
applications, and are thus not discernible in the figure.   
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The sets of 10% best model versions were predominantly composed of versions including more 

than one alternative process or parameter formulation (cf. PmAF in Fig. 6). Yet, depending on 

the application, the best model versions consisted of different combinations of standard and 

alternative formulations. For example, the alternative mortality formulation, assuming an 

increasing mortality hazard for large trees (M1), was included in most of the best model versions 

of the two old-growth applications (Fig. 6a,c). Thus, in combination with certain formulations 

of the other processes (e.g., L2 or an alternative formulation of establishment), M1 matched the 

patterns used to assess model performance more often than the standard formulation. Yet, this 

was not the case for those applications featuring exogenous disturbances (Fig. 6b,d-e). 

 

Figure 6: Combination of model formulations that constitute the 10% best model versions for each model 
application. If a process is not relevant for a specific application or if the standard and alternative formulations 
perform equally well, we expect a 50:50 distribution and 33:33:33 distribution for 2 and 3 formulations, 
respectively. E: establishment, G: growth-rate parameter (kG), R: growth-reduction factor (GRF), A: allocation of 
volume growth to height and diameter growth, M: mortality, L: light regime. For establishment, all alternative 
formulations were summarized as �µ�$�O�W�H�U�Q�D�W�L�Y�H�����¶�����3�P�$�)���G�H�Q�R�W�H�V���W�K�H���S�H�U�F�H�Q�W�D�J�H���R�I���P�R�G�H�O���Y�H�U�V�L�R�Q�V���L�Q�F�O�X�G�L�Q�J���P�R�U�H��
than one alternative process or parameter representation. For a description of the standard and alternative 
formulations, see Table 2.  



150  Ecological processes in forest models 

While the combination of formulations for the 10% best model versions depended strongly on 

the application, the five sets of 10% worst model versions were structurally quite similar 

(Appendix S2: Fig. S1): almost all of them contained one of the alternative establishment 

formulations, which were most often combined with L1 and M0. Thereby, the combination of 

the alternative establishment with L1 was problematic because L1 strongly overestimated light 

availability (cf. result section Light regime), inducing high establishment rates in the alternative 

formulations for establishment, which had been set up to relax the recruitment limitation at the 

level of the individual species. 

Across all sites and applications, 18-77% of the simulations passed the individual patterns, i.e. 

simulated values were within a plausible range (Appendix S2: Fig. S2). The percentage of 

simulations penalized was small for most patterns (0-31%; mean=8.6%), with basal area and 

tree numbers (Trs7 and TrsPole) representing the strictest patterns (Appendix S2: Fig. S2; 4-

19%, 0-25% and 12-31% of the simulations were penalized for BA7, Trs7 and TrsPole, 

respectively). For the long-term applications, the patterns were matched more frequently at sites 

with good growing conditions (i.e., Huttwil, Bern, Schaffhausen and Basel), while cold and dry 

sites (i.e., Bever, Grande Dixence, Davos, Adelboden and Sion) obtained more penalties 

(Appendix S2: Fig. S3a-d; 4-24% (min-max) vs. 1-5% of the simulations were penalized at cold 

and dry sites vs. sites with good growing conditions, respectively). For the short-term managed 

application, most of the penalties occurred at the two Solling sites and at Peitz (i.e., 39, 21 and 

15% of the simulations were penalized for Solling (Beech), Solling (Spruce) and Peitz, 

respectively; Appendix S2: Fig. S3e). 

Establishment 

Assumptions regarding tree establishment were relevant for all long-term applications (Fig. 6a-

d), but not for short-term simulations of managed stands (Fig. 6e). For the long-term 

applications, the alternative establishment routine (including E1-E6) relaxing the recruitment 

limitation at the level of individual species and considering the SNSS trade-off was included 

distinctly more often in the 10% best model versions than the standard formulation (E0; Fig. 

6a-d). 

Relaxing the assumption of recruitment limitation affected simulated patterns more strongly for 

the monospecific than the mixed-species applications (Fig. 7) by increasing tree numbers (Fig. 

7b) and thus basal area (Fig. 7a), which often led to an overestimation of these two patterns. 
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Moreover, relaxing the assumption of recruitment limitation increased the minimum age of 

trees of the mature timber stage (MinAge50; Fig. 7c) due to increased competition, and it 

speeded up basal area growth during early succession. However, due to the increase in 

equilibrium basal area, this effect was blurred in the criterion TBA50 representing the time to 

reach 50% of the equilibrium basal area (Appendix S2: Fig. S5f).  

 

Figure 7: Performance of selected patterns of the standard (E0) and alternative (E1-6) establishment formulations 
for the long-term applications (see Appendix S2: Figs. S4 and S5 for the short-term managed application and the 
full set of patterns, respectively). Note the modulus-transformed y-axis (John and Draper 1980), where the 
transformation represents a modification of the log transformation that however preserves zero as well as the sign 
of the data (i.e., transforms both negative and positive values). The lower and upper values of the plausible ranges 
defined for each site and pattern were scaled to -0.2 and +0.2, respectively, to allow for a comparison across sites. 
High positive or negative values represent simulations that strongly over- or underestimate the value of the 
respective pattern. a BA7: basal area of all trees with �G�E�K���•�����F�P����b �7�U�V�������W�U�H�H���Q�X�P�E�H�U���R�I���D�O�O���W�U�H�H�V���Z�L�W�K���G�E�K���•�����F�P����
c MinAge50: minimum age of the mature timber stage, d SpDom: percentage of BA7 of the expected most 
dominant species of PNV on total BA7. For SpDom, the pattern performance is shown: 1: the simulated most 
dominant species corresponded to the expected most dominant species of the PNV; -10: the percentage of BA7 of 
the expected most dominant species of PNV was <5% of total BA7; 0: else. For a description of the standard and 
alternative formulations, see Tables 1-2. 
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With regard to species composition, the alternative establishment routine passed the SpDom 

criterion more often than the standard formulation (Fig. 7d) because the expected dominant 

species of PNV are mostly shade-tolerant, which were thus strongly recruitment-limited under 

the standard formulation. Moreover, the alternative routine is not sensitive to the number of 

species participating in the succession, i.e. differences in basal area and tree numbers between 

mixed and monospecific simulations were lower (Fig. 7a-b). 

With regard to the patterns analyzed, differences in the performance were most pronounced 

between the standard and all alternative formulations, but rather small among the six 

alternatives (Fig. 7a-d; Appendix S2: Fig. S5). Within the alternative formulations, two groups 

were evident, with E1 and E2 behaving slightly differently than E3-6, especially with regard to 

tree numbers (Fig. 7b): tree numbers were higher and thus more often overestimated for E1 and 

E2 than for those alternatives considering the actual establishment conditions when calculating 

maximum sapling number (E3-6). 

Growth 

We found diverging patterns for the growth-related processes across the five applications (Fig. 

6). In general, the parameterization of the growth rate (kG) had the strongest effect on the 

emerging ecological patterns, followed by the growth reduction factor. 

Growth-rate parameter (kG) 

While the alternative parameterization of the growth rate (kG) derived from tree-ring data was 

clearly preferred over the standard parameterization for the short-term managed applications 

(Fig. 6e), its effect on model performance was more complex for the long-term applications 

(Fig. 6a-d). 

On the one hand, higher maximum growth more often overestimated basal area (BA7, Fig. 8a) 

and particularly the share of giant trees (BATrs80; Appendix S2: Fig. S6e) because trees grew 

faster and thus reached higher dbh. On the other hand, increased maximum growth accelerated 

basal area growth and reduced tree numbers (due to stronger competition), which in turn 

improved the patterns for tree numbers (Trs7, Fig. 8b), the minimum age of the mature timber 

stage (MinAge50; Fig. 8c) and early successional behavior (TBA50; Fig. 8d). 
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Figure 8: Performance of selected patterns of the growth-rate parameter (panels a-d), growth-reduction factor 
(panels e-h) and background mortality (panels i-l) for the long-term applications. Other details are as in Fig. 7. 
BA7: basal area of all trees with �G�E�K���•�����F�P�����7�U�V�������W�U�H�H���Q�X�P�E�H�U���R�I���D�O�O���W�U�H�H�V���Z�L�W�K���G�E�K���•�����F�P�����%�$�7�U�V���������S�H�U�F�H�Q�W�D�J�H��
�R�I���%�$�����R�I���J�L�D�Q�W���W�U�H�H�V�����W�U�H�H�V���Z�L�W�K���G�E�K���•�������F�P�������0�L�Q�$�J�H���������P�L�Q�L�P�X�P���D�J�H���R�I���W�K�H���P�D�W�X�U�H���W�L�P�E�H�U���V�W�D�J�H�����7�%�$���������W�L�P�H��
to reach 50% of BA7. For a description of the standard (referred to with 0) and alternative formulations (referred 
to with 1), see Table 2. See Appendix S2 for the short-term managed application and the full set of patterns, 
respectively.  
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Growth-reduction factor (GRF) 

The alternative growth-reduction factor (GRF) was included more often in the 10% best model 

versions than the standard GRF, especially for the long-term mixed species applications (Fig. 

6). It decreased basal area and the share of giant trees, two patterns that were matched more 

often by the alternative than the standard GRF (Fig. 8e-f). It further increased the age of the 

mature timber stage (Fig. 8g) and retarded basal area growth (Fig. 8h), two patterns that were 

not matched more often by the alternative than the standard GRF, however. 

Allocation of volume growth to height and diameter growth 

None of the formulations allocating volume growth to height and diameter was preferred in all 

five applications (Fig. 6). While all three formulations appeared about equally often among the 

best versions in the long-term mixed species applications (Fig. 6a-b), A0 and A1 were typically 

preferred for the short-term managed (Fig. 6e) and the long-term monospecific applications 

(Fig. 6c-d), respectively. 

 

Figure 9: Observed (*) and predicted (box plot; n = 168 per plot) dominant heights (HDom) for the three 
formulations (A0, A1, A2) allocating volume growth to height and diameter growth at the short-term managed sites 
for the last inventory (except for Kroof, where the first inventory was used). PAbi = Picea abies, PSyl = Pinus 
sylvestris, FSyl = Fagus sylvatica. For a description of the formulations and the study sites, see Methods and 
Appendix S1, respectively. Note that the model was initialized based on the dbh values of the individual-tree 
inventories, but not based on observed height. For a description of the standard and alternative formulations, see 
Table 2. 
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Even though the formulations allocating volume growth to height and diameter affect dbh and 

thus basal area directly, the differences between the formulations were blurred in the aggregated 

results due to species-specific light-dependent growth patterns (Appendix S2: Figs. S4, S8). 

Yet, analyzing the predicted dominant height (HDom) of individual species in short-term 

managed simulations (Fig. 9) revealed that consideri�Q�J�� �W�K�H�� �V�S�H�F�L�H�V�¶�� �V�K�D�G�H�� �W�R�O�H�U�D�Q�F�H��

(formulations A0 and A2) resulted in better predictions. This was especially the case for stands 

dominated by Norway spruce (Picea abies; Bily Kriz, Solling Spruce, Kroof) or Scots pine 

(Pinus sylvestris; Hyytiälä), while stands dominated by European beech (Fagus sylvatica; 

Solling) benefited from the A2 formulation, which relaxed the high priority of allocation into 

diameter. It should be also noted that the drought-related reduction of site-specific maximum 

tree height (Rasche et al. 2012) resulted in very low HDom in two sites (Peitz and Sorø).  

Mortality 

For the old-growth applications (Fig. 6a,c), the U-shaped mortality formulation (M1) was 

distinctly preferred over the reverse J-shaped formulation (M0). It reduced the number of giant 

trees compared to M0 and thus basal area, which in turn reduced the time needed to reach half 

of the equilibrium basal area. Thus, compared to M0, M1 improved the representation of several 

patterns (BA7, BATrs80 and TBA50; Fig. 8i,k-l) and prevented the model from simulating 

excessively high absolute values of basal area (results not shown). 

In contrast, M0 appeared slightly more often in the best model versions of the mixed shifting-

mosaic and the short-term managed applications (Fig. 6b,e). In case of the mixed-shifting 

mosaic application, differences with regard to the patterns analyzed were rather small between 

the two mortality formulations (except for the share of giant trees; Fig. 8k). On the contrary, 

the mortality formulations strongly influenced basal area and tree numbers of the short-term 

managed application (Appendix S2: Fig. S4). This is because M1 features a lower mortality 

probability compared to M0 for the small to medium dbh classes (Fig. 2; Appendix S1: Fig. S9), 

which are quite important in managed stands. Thus, compared to M0, M1 allows more trees to 

survive as long as they are not subject to the stress-induced mortality. This often resulted in a 

better estimate of basal area, which however came at the cost of overestimated tree numbers 

(Appendix S2: Fig. S4f), which in turn explains why M0 appeared more often in the 10% best 

model versions of the short-term managed application than M1. 



156  Ecological processes in forest models 

Light regime 

Assumptions on the representation of vertical light attenuation across the canopy strongly 

influenced simulated forest structure (Appendix S2: Fig. S10), yet no formulation was clearly 

preferred over the others across all applications (Fig. 6). Of the two alternative formulations 

considering cpa, L2 met most patterns distinctly more often than L1 (Appendix S2: Fig. S10a-

c). Thus, L1 hardly appeared in the 10% best model versions of any application (Fig. 6), while 

L2 was preferred over L0, which assumes an opaque blanket canopy, for three of the four long-

term applications (Fig. 6a-c). 

Yet, a supplementary comparison of the underlying simulated relative light availability across 

the canopy with empirical data (Fig. 10) revealed that L0 yielded the most realistic light 

extinction, while light availability at the forest floor was strongly overestimated for the two 

alternatives, although they consider cpa (L1 and L2). 

 

Figure 10: Relative light availability across the canopy simulated by the standard (L0) and alternative (L1 and L2) 
formulations for a Solling Beech (BA: 27 m2/ha) and b Solling Spruce (BA: 44 m2/ha) in 1967 (first inventory). 
The bars represent diameter distribution (referring to right y-axis). Note that the amount of leaves (foliage weight 
and foliage area) was the same for all formulations. Empirically derived relative light intensity at forest floor was 
found to be 2-15% and 2-8% for mature European beech (BA >20 m2; Szwagrzyk et al. 2001, Gálhidy et al. 2005) 
and Norway spruce (BA >35 m2; Vézina 1961, Mitscherlich et al. 1967, Johansson 1987) stands, respectively.  
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Discussion 

We scrutinized the representation of key ecological processes in dynamic forest models to 

revisit, assess and improve their formulation as well as the internal consistency of the models 

as a whole, taking ForClim as a case study. We developed a set of alternative process and 

parameter representations for the three core processes of establishment, growth and mortality 

of trees and for the light regime as the central limiting resource in forests based on a diverse 

array of empirical data. Below, the results are discussed for each process individually and from 

an overall modeling point of view. 

Establishment 

Our results demonstrate that the assumptions underlying tree establishment are of key 

importance for shaping forest dynamics under any circumstances, except for short-term 

simulations (<50 years) of managed, even-aged stands. Thereby, the alternative routine relaxing 

the assumption of recruitment limitation (Clark et al. 1999) at the level of individual species 

and considering the SNSS trade-off (Coomes and Grubb 2003) is clearly preferable over the 

standard formulation. Although often overestimating basal area and tree numbers, especially in 

combination with increased light availability (L1), the alternative establishment routine was able 

to simultaneously match multiple patterns, such as tree numbers, the share of giant trees, basal 

area growth during early succession, or species composition. The former three patterns were 

particularly improved for monospecific stands (i.e., stands where no successional species 

replacement took place), while the latter was exclusively related to mixed-species stands, where 

the alternative routine resulted in a higher share of late-successional species with respect to both 

tree number and stand basal area. This change in patterns is consistent with known properties 

of forest dynamics, as shade-tolerant species contribute large shares of stand basal area in many 

old-growth forests (e.g., Bolte et al. 2014, Hobi et al. 2015), while they were clearly 

underestimated by the standard formulation. Moreover, the alternative routine was distinctly 

less sensitive to the number of species participating in the succession, and thus was able to 

reproduce observed regeneration patterns better than the standard formulation (e.g., Collet et 

al. 2008, Petritan et al. 2013, Bílek et al. 2014, Bolte et al. 2014, Brang et al. 2015, Rozman et 

al. 2015). Overall, our results suggest that assuming recruitment limitation for shade-tolerant 

species in contrast to shade-intolerant species does not accurately represent long-term forest 

dynamics, particularly in favorable habitats. 
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Among the alternative establishment formulations (E1-E6), the assumptions on total sapling 

density (i.e., option b; Table 1) influenced forest structure more strongly than those on the 

allocation of saplings to individual species (i.e., option c; Table 1). This is in line with empirical 

findings indicating that forest structure is strongly determined by general establishment 

conditions (e.g., Germino et al. 2002, Kuijper et al. 2010, Castanha et al. 2013, Rozman et al. 

2015) and that competition among saplings is one of the most important filters determining the 

later dominance by a few species in the upper canopy, despite very high species diversity in the 

seedling layer (e.g., Collet et al. 2008, Petritan et al. 2009, Hobi et al. 2015). Thus, we 

recommend to focus further research efforts on better understanding the processes that 

determine overall sapling density (Huber et al. 2018) rather than the actual species composition 

of the regeneration layer. In a modeling context, such efforts should not be undertaken 

independently of the remainder of the model. In particular, shading by the overstorey should be 

considered and verified simultaneously, since light conditions strongly determine the 

abundance and also the composition of tree regeneration. 

Growth 

We revisited the growth formulation of ForClim by re-parameterizing the maximum growth 

rate (kG), by developing an alternative for the function that combines multiple environmental 

constraints into one factor reducing optimum growth (GRF), and by introducing two alternative 

formulations for the allocation of volume growth to height and diameter growth. On the one 

hand, our results underline the importance of growth formulations in dynamic forest models. 

On the other hand, they clearly demonstrate that substantial improvements of model 

performance across multiple patterns can be achieved by small, data- or theory-based changes 

to the formulations that do not necessitate adding structural complexity. 

Of the growth-related process representations, the parameterization of the growth rate (kG) had 

the strongest effect on the emergence of ecological patterns. The alternative parameterization 

derived from a large set of individual tree-ring chronologies was included more often in the 

best model versions than the standard parameterization. Although the database is not 

representative for all growing conditions (Klesse et al. 2018), the alternative kG produces 

considerably higher diameter increments than the standard parameterization, consistent with 

the empirical method by Bragg (2001) for estimating size-specific optimal growth. This 

suggests that the standard parameterization underestimates individual tree growth, especially 
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under favorable conditions. Unexpectedly, the analysis of the maximum absolute increments 

suggested that temperate European tree species form just two groups of different maximum 

growth potential, with only minor differences between the species within a group: tall and 

typically single-stemmed species are separated from medium-sized or short species forming 

one or several stems. This suggests that trees growing under optimum conditions face 

fundamental physiological and climatic constraints, such as growing season length, as well as 

allocation trade-offs, which constrain maximum diameter growth across species. Yet, different 

size-specific optimum growth patterns across species arise when the alternative kG values are 

�L�P�S�O�H�P�H�Q�W�H�G���L�Q���)�R�U�&�O�L�P�¶�V���J�U�R�Z�W�K���H�T�X�D�W�L�R�Q��(Eq. 1) due to species-specific allocation strategies 

and maximum height. This is in line with empirically derived optimum tree growth (Bragg 

2001), although further investigations regarding simulated size-specific optimum and realized 

growth would be useful. Still, we are confident that the alternative kG provides a more accurate 

characterization of optimal radial growth rates that is, after all, empirically based rather than 

relying on theoretical, qualitative reasoning (Botkin et al. 1972a). 

The alternative growth-reduction factor (GRF), which has a stronger effect under suboptimal 

conditions than the standard GRF, was found to be more appropriate especially in combination 

with the alternative kG parameterization. Yet, our results suggest that the growth of trees that 

are constrained by one environmental factor only (e.g., suppressed trees growing under low-

light conditions in an otherwise favorable habitat) may be overestimated, which results in an 

underestimation of stress-induced mortality. Thus, further investigations are needed regarding 

the growth-reducing factors and their combination into one single annual scalar as well as the 

variability of dbh increments between individual trees, years or sites, which is known to be 

substantial (e.g., Bleicher 2013, Weber et al. 2013), e.g. by exploiting inventory and tree-ring 

data along environmental gradients (e.g., Weber et al. 2013, Ojeda et al. 2018). 

The representation of the allocation of volume growth to height and diameter growth influences 

intra- and interspecific competition and has a direct effect on basal area. Among the three 

formulations, A2, which assumes a weaker dependency on shade tolerance than posited by the 

standard formulation (Rasche et al. 2012), turned out to simulate species-specific height growth 

most appropriately. The assumption that interspecific differences regarding the allocation of 

growth to height and diameter are related to shade tolerance is supported by recent empirical 

studies (Forrester et al. 2017), yet using wood density instead of shade tolerance may be more 

robust as it can be quantified better (Forrester et al. 2017) and does not need a discretization 
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into tolerance classes. Nevertheless, more detailed analyses and comparisons with empirical 

data of different species growing under various light conditions are needed, especially in the 

context of mixed-species stands (e.g., Petritan et al. 2009, Forrester et al. 2017). 

Mortality 

We tested two formulations of the background mortality that, in combination with the stress-

induced mortality, either represent a reverse J-shaped or a U-shaped relationship between dbh 

and mortality probability. For the old-growth simulations, the U-shaped mortality formulation 

was clearly preferred over the reverse J-shaped one, suggesting that at some point large trees 

become susceptible to additional mortality agents (e.g., Canham et al. 2001, Nagel and Diaci 

2006, Perivancich 2010, Trotsiuk et al. 2012, Holzwarth et al. 2013). This is in line with 

ecological theory postulating high competition-induced mortality of small trees and amplified 

mortality of large trees due to their exposure to a high number of mortality agents (Goff and 

West 1975, Lorimer and Frelich 1984, Franklin et al. 1987), although the empirical evidence 

for an increasing mortality probability for larger diameters is not conclusive (e.g., Harcombe 

1987, Monserud and Sterba 1999, Holzwarth et al. 2013, Ruiz-Benito et al. 2013, Hülsmann et 

al. 2016, Hülsmann et al. 2018). Unfortunately, even though this pattern may be present in 

reality it is often not detectable due to the comparably low number of large trees in almost any 

dataset (Holzwarth et al. 2013, Hülsmann et al. 2016) and the possibly long right tail of the dbh 

distribution. 

Furthermore, in contrast to the reverse J-shaped formulation, the U-shaped formulation is in 

line with the within-species trade-off between growth rates and lifespan (e.g., Loehle 1987, 

Black et al. 2008, Bigler and Veblen 2009, Rötheli et al. 2012, Bigler 2016). Under the U-

shaped formulation, a slowly growing tree may survive longer than a rapidly growing tree 

(provided that it does not die due to stress-induced mortality), as the latter is subject to the 

increasing background mortality probability at younger age than the former. Thus, overall, our 

results indicate that a U-shaped relationship better represents long-term forest dynamics than a 

reverse J-shaped relationship. 

However, the mortality probability of small trees may be underestimated by the combination of 

a stress-induced and an exponentially increasing background mortality as formulated here, for 

two reasons. First, the alternative formulation for the background mortality assumes that the 

mortality probability increases exponentially with dbh, starting from a baseline of zero (Fig. 2). 
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A mortality baseline larger than zero may be more appropriate to account for the death of small 

trees due to multiple causes not accounted for in the model, such as fraying by ungulates 

(Kupferschmid and Bugmann 2005) or falling boles (Holzwarth et al. 2013). Second, the stress-

induced mortality is likely underestimated for suppressed trees growing under low-light but 

otherwise good growing conditions (cf. discussion on GRF further above). Hence, these issues 

likely explain why the reverse J-shaped mortality formulation was preferred over the U-shaped 

formulation for some applications considering exogenous disturbances (e.g., management). 

Light regime 

Model outcomes were highly sensitive to the assumptions regarding the representation of light 

attenuation through the canopy, which is a pivotal process determining the living conditions of 

sub-canopy trees (e.g., Feldmann et al. 2018, Rutenbeck et al. 2018). With the two alternative 

formulations that consider the horizontal extent of tree crowns, we expected to improve the 

accuracy of the estimation of light availability for sub-canopy trees. Yet, these alternative 

representations did not perform consistently better than the simple standard formulation 

assuming an opaque blanket canopy, at least not for the right reason (see below), but they rather 

led to a considerable overestimation of light availability. 

In fact, even though one of the alternative light representations (L2, simulating wider crowns 

than L1) was often found among the sets of best model versions, this good performance needs 

to be interpreted cautiously because it is due to the compensation of structural and parameter-

related deficiencies in other parts of the model: the simulated higher light availability compared 

to the standard formulation increases diameter growth and sapling numbers, which tend to be 

underestimated by the standard model (cf. discussion sections Establishment and Growth). 

Thus, for this specific example, introducing more alleged realism did not improve internal 

model consistency but rath�H�U���F�R�P�S�H�Q�V�D�W�H�G���I�R�U���R�W�K�H�U���V�K�R�U�W�F�R�P�L�Q�J�V�����µ�J�H�W�W�L�Q�J���W�K�H���U�L�J�K�W���D�Q�V�Z�H�U���I�R�U��

�W�K�H���Z�U�R�Q�J���U�H�D�V�R�Q�¶���� 

Assuming that tree crowns fill the horizontal space across a patch (L0) leads to a more efficient 

light absorption than assigning the leaves to individual tree crowns (L1 and L2) because leaf 

overlap in the vertical profile is minimized. Despite the simplicity of this approach, it thus 

considers optimized resource-use efficiency of plants. This is ecologically reasonable because 

trees feature numerous strategies to avoid self-shading and improve light absorption (e.g., 

Valladares et al. 2002), such as leaf orientation (e.g., Pearcy and Yang 1996), leaf form, size 
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and morphology (Kimmins 2004), branching patterns (e.g., Pearcy and Yang 1996, Valladares 

and Pearcy 1998) and phototropism (e.g., Canham 1988, Young and Hubbell 1991, Muth and 

Bazzaz 2003).  

Improving the representation of light attenuation in the canopy would most likely require a 

more detailed representation of crown structure considering the vertical crown extension as well 

(e.g., Köhler and Huth 1998, Goreaud et al. 2006). Furthermore, the estimation of crown 

projection area (cpa) could be improved by considering the geometry of stand structure and 

species composition to account for crown plasticity (Pretzsch 2014, Forrester et al. 2017), in 

spite of the fact that species-specific cpa is primarily related to dbh (Forrester et al. 2017). In 

particular, cpa tends to be underestimated for large trees (particularly for European beech; 

Appendix S1: Fig. S9), which are absorbing most of the incident light (Binkley et al. 2013). 

Moreover, the model ignores light absorption by stems, branches and other structures (e.g., 

Vose et al. 1995, Binkley et al. 2013), which is not or only partly incorporated even in highly 

complex three-dimensional crown models (e.g., Canham et al. 1994, Pacala et al. 1996, 

Courbaud et al. 2003). Including a wood area index to account for the effect of woody parts on 

light absorption is likely to be promising (Dufrêne and Bréda 1995, Propastin and Panferov 

2013).  

Using POM to improve our understanding of forest dynamics 

DVMs are key tools to improve the mechanistic understanding of the factors determining forest 

ecosystem dynamics, and to project potential future forest trajectories (Shugart et al. 2018). 

Rather than developing one single set of model equations that represents a specific hypothesis 

of forest dynamics (Shugart 1984), we applied POM to test a large set of competing, similarly 

plausible process and parameter representations that were treated as distinct hypotheses 

regarding the quantification of the underlying ecological processes. Thereby, POM enabled us 

�W�R���U�H�Y�L�V�L�W���W�K�H���P�R�G�H�O�¶�V���F�R�U�H���S�U�R�F�H�V�V�H�V���M�R�L�Q�W�O�\���I�R�U���G�L�I�I�H�U�H�Q�W���P�R�G�H�O���D�S�S�O�L�F�D�W�L�R�Q�V���D�Q�G�����L�P�S�R�U�W�D�Q�W�O�\����

to study the interactions between these processes. 

Depending on the application, distinct process formulations performed best. This points at 

varying influences of ecological processes with stand structure and site conditions as also found 

by studies analyzing the sensitivity of DVMs through time, along ecological gradients, or with 

differing climate change scenarios (Pappas et al. 2013, Huber et al. 2018, Collalti et al. 2019). 

The short-term managed application was mainly sensitive to growth-related process 



Chapter 3 163 

formulations, which is little surprising (Pretzsch 2009). In contrast, long-term unmanaged 

applications were very sensitive to the formulations of mortality and establishment. A better 

understanding of mortality has been repeatedly claimed to be pivotal for improving the 

robustness of projections of future forest dynamics (e.g., Bircher et al. 2015, Ammer et al. 2018, 

Vanoni et al. 2019). 

The sensitivity of future projections to the formulation of natural regeneration processes, 

however, has not been picked up by the broad forest modeling community so far (but see 

Lischke and Löffler 2006, Wehrli et al. 2007, Seidl et al. 2012). Yet, a better understanding of 

establishment-related processes is clearly of utmost importance for more robust projections of 

future forest dynamics, as underlined by our simulation results. This is particularly the case in 

view of climate-induced changes of disturbance regimes (Seidl et al. 2017), as establishment 

strongly determines post-disturbance forest recovery and species range shifts. An increasing 

number of empirical studies on post-disturbance dynamics of forest ecosystems provides 

insights into the interactions of overstorey mortality and tree regeneration (e.g., Brang et al. 

2015, Redmond and Kelsey 2018, Roccaforte et al. 2018, Fettig et al. 2019, Tardós et al. 2019). 

This continuously increasing empirical data base can provide the foundation for further POM-

based model development, as done in the present study, thus increasing our understanding of 

long-term forest dynamics. 

Yet, we would like to stress that the behavior of process formulations (based on theoretical 

considerations) should always be accompanied by a thorough check of variables at intermediate 

scales where this is feasible, rather than focusing on properties emerging at the stand scale only. 

For example, accounting for the horizontal extent of tree crowns in the representation of the 

light regime requires to not only focus on the resulting stand structure, but more importantly to 

also analyze the underlying light availability profile. Otherwise, there is a risk of accepting an 

implementation that may be erroneous, but compensates for shortcomings in the formulation of 

other processes. 
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Conclusions 

We applied pattern-oriented modeling (POM) to simultaneously assess the representation of the 

main ecological processes in a dynamic forest model, i.e. tree establishment, growth and 

mortality as well as light extinction through the canopy. We scrutinized multiple ecological 

assumptions underlying the model, which partly date back to the first generation of FGMs and 

have often been developed in the absence of empirical data. We confronted these standard 

assumptions with revised, data-constrained alternative formulations, aiming to rigorously test 

the representation of core processes underlying forest dynamics and the consistency of their 

interplay. 

By confronting individual process formulations and multiple model outputs with data, 

respectively, we identified structural shortcomings and parameterization issues in the 

representation of the core processes. Furthermore, we derived alternative formulations, most of 

which were able to resolve deficiencies in model behavior without significantly increasing the 

mode�O�¶�V���F�R�P�S�O�H�[�L�W�\�����,�Q���S�D�U�W�L�F�X�O�D�U�����R�X�U���U�H�V�X�O�W�V���G�H�P�R�Q�V�W�U�D�W�H���W�K�H���K�X�J�H���S�R�W�H�Q�W�L�D�O���R�I���O�D�U�J�H���G�D�W�D�V�H�W�V��

(e.g., International Tree-Ring Data Bank (ITRDB) or PROFOUND database; Reyer et al. 2019) 

for refining process-based formulations that have been partly developed completely data free 

into data-informed process-based formulations while achieving a better understanding of the 

nature of the core processes underlying long-term forest dynamics. 

Further, we showed that simultaneously considering multiple core processes is key for revealing 

internal inconsistencies in the model framework. Moreover, we were able to highlight the 

�P�R�G�H�O�¶�V�� �V�H�Q�V�L�W�L�Y�L�W�\�� �W�R�� �G�L�I�I�H�U�H�Q�W�� �S�U�R�F�H�V�V�H�V�� �D�Q�G�� �W�K�X�V�� �L�W�V�� �G�H�S�H�Q�G�H�Q�F�\�� �R�Q�� �W�K�H�� �V�L�P�X�O�D�W�L�R�Q�� �F�R�Q�W�H�[�W��

(e.g., temporal scale, forest composition or disturbance regime). This challenges the traditional 

focus on simplifying the daunting complexity of model development by improving a single 

process in isolation. Although conceptually appealing, focusing model development on a single 

process in isolation comes at the high risk of �U�X�Q�Q�L�Q�J���L�Q�W�R���D���µ�G�H�D�G���H�Q�G�¶�����Z�K�H�U�H���D�Q���µ�L�P�S�U�R�Y�H�P�H�Q�W�¶��

may come at the detriment in another field of model application. Hence, in line with other 

studies, we conclude that the behavior and performance of complex models should not be 

analyzed for few specific applications only, but for multiple applications, system states and 

dynamics of interest across a wide range of site conditions. Using such a comprehensive 

approach, we can build structurally realistic models, reduce parameter uncertainty, avoid 

overfitting and bypass the need of site-specific model calibration prior to application. We thus 
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conclude that the forest ecology community should make good use of the ever-increasing data 

availability and the POM framework to challenge the core processes of dynamic models in a 

holistic manner. 

In view of the many uncertainties regarding appropriate process representations and model 

parameterization, we suggest that ecologists should abandon the use of one single model version 

for doing simulation studies. A more promising approach may be offered by developing and 

using a set of meaningful alternative model versions ('ensemble modeling'; Dormann et al. 

2018) and rigorously confronting them with multiple data sources and applications. Although 

follow-up studies are needed, we have shown that this approach has a high potential to deliver 

conceptual insights on the internal consistency of a model while at the same time improving 

our understanding of core ecological processes from an ecosystem perspective, and also 

enabling more robust projections of future forest dynamics. 
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S1 Establishment 

Standard formulation 

The establishment routine is executed iteratively for every species listed in the setup of the respective 

simulation (Fig. S1). It is assumed that seeds of these species are always present (Botkin et al. 1972b). 

Trees establish as cohorts (group of trees of one species of identical age and an initial dbh of 1.27 cm) 

if the following species-specific requirements (referred to as establishment flags EFs) are fulfilled: light 

availability at forest floor, maximum and minimum winter temperatures, degree-days, soil moisture and 

browsing pressure. A detailed description of these EFs is available in Bugmann (1996c) and (Risch et 

al. 2005). For the calculation of the browsing-induced mortality of seedlings and saplings, please 

consider Didion (2009) and Didion et al. (2011).  

 

Figure S1: Standard establishment routine of ForClim. 

If a species is principally able to establish, a random experiment is conducted because establishment 

depends on additional factors not considered explicitly in the model. Thereby, establishment occurs only 

if the establishment probability parameter (kEstP = 0.1) is higher than a uniformly distributed random 

number between 0 and 1. Thus, kEstP represents the average fraction of years in which establishment is 

possible when all species-specific requirements are fulfilled (Kienast 1987, Bugmann 1996a). If 

�H�V�W�D�E�O�L�V�K�P�H�Q�W�� �L�V�� �D�O�O�R�Z�H�G�� �I�R�U�� �D�� �V�S�H�F�L�H�V���� �W�K�H�� �V�S�H�F�L�H�V�¶�� �P�D�[�L�P�X�P�� �Q�X�P�E�H�U�� �R�I�� �V�D�S�O�L�Q�J�V�� ���N�(�V�W�0�D�[���� �L�V��

�F�D�O�F�X�O�D�W�H�G���E�D�V�H�G���R�Q���P�D�[�L�P�X�P���V�D�S�O�L�Q�J���H�V�W�D�E�O�L�V�K�P�H�Q�W���U�D�W�H�����N�(�V�W�'�H�Q�V�������W�K�H���V�S�H�F�L�H�V�¶���V�K�D�G�H���W�R�O�H�U�D�Q�F�H���D�Q�G��

patch size (Bugmann 1996c, Risch et al. 2005)�����7�K�H�U�H�E�\�����W�K�H���V�S�H�F�L�H�V�¶���V�K�D�G�H���W�R�O�H�U�D�Q�F�H���V�H�U�Y�H�V���D�V���D���S�U�R�[�\��
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for its rate of seed production (Risch et al. 2005). Fi�Q�D�O�O�\�����W�K�H���D�F�W�X�D�O���Q�X�P�E�H�U���R�I���W�K�H���V�S�H�F�L�H�V�¶���V�D�S�O�L�Q�J�V���L�V��

derived using a random number with a uniform distribution between 1 and kEstMax, where kEstMax 

attains values between 60 and 540 saplings/ha for the most shade-tolerant and most shade-intolerant 

species, respectively.  

Alternative structure 

In contrast to the standard formulation, the alternative structure does not execute the establishment 

routine for each species individually, but simultaneously for all species that are listed in the setup of the 

respective simulation (Fig. S2). Within the structure of the alternative establishment routine, we 

formulated a set of options that can be combined with each other, resulting in six alternative formulations 

of increasing complexity (E1-E6; Table 1 in the main manuscript).  

Figure S2: Alternative establishment routine. Within its structure, different options (a-c) can be selected and 
combined with each other, resulting in a total of six meaningful alternatives. 

Below, we explain the steps of the alternative routine described in Fig. S2, as well as the related options. 

In the first step, a random experiment determines whether establishment occurs in the current year or 

not. Thereby, establishment takes places if the establishment probability parameter kEstP exceeds a 

random number. We tested two options with kEstP either being constant (a1: kEstP=0.1) or site specific 

(a2). For the latter, kEstP may be reduced by a site-specific drought and degree-day factor (details 

provided further below). 
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In the second step, a list of species is generated containing all species for which all biotic (e.g., light 

availability) and abiotic (e.g., temperature) establishment requirements are fulfilled. For option b1, the 

binary establishment flags (EF) of the standard establishment routine are applied. For option b2, 

continuous EFs are calculated for the next step (details provided further below). Note that the decision 

whether a species is able to establish or not is the same for all options. 

In the third step, the number of new saplings is determined. Maximum tree number (kTrMax; details 

provided further below) is reduced considering both space and site-specific limitations (drought, cold 

and number of existing trees). First, the site-specific maximum tree number (gTrMaxRed) is derived by 

multiplying kTrMax by the site-specific drought and degree-day reduction factors (same as for option 

a2 in kEstP). Then, the maximum number of saplings (gEstMax) is calculated by reducing gTrMaxRed 

by the number of already existing trees (cf. Fig. S2). For option b2, gTrMaxRed is further reduced 

according to the establishment conditions. These are represented by the maximum of the individual 

�V�S�H�F�L�H�V�¶���P�L�Q�L�P�X�P���F�R�Q�W�L�Q�X�R�X�V���(�)�V���F�D�O�F�X�O�D�W�H�G���L�Q���R�S�W�L�R�Q��b2 of the second step (above); the most limiting 

EF of the species for which establishment conditions are best is considered. In the following, a random 

experiment determines the number of new saplings by selecting a number from a uniform distribution 

in the range [1, gEstMax] for both options (b1 and b2). 

In the last step, the number of new saplings is distributed across the species of the species list derived 

in the second step (cf. Fig. S2). We tested two options (c1 and c2) with different levels of complexity. 

For option c1, we implemented the null hypothesis that the number of saplings to establish is distributed 

equally across the species of the species list. For option c2, the saplings are distributed across the species 

according to their minimum continuous EF. Thus, a species for which establishment conditions are good 

is able to establish more saplings compared to a species for which establishment conditions are harsh.  

Further, we added normally distributed noise on the initial dbh of tree saplings (kInitDBH) with a 

standard deviation of 0.1 (kInitDBHsd) to facilitate the vertical structuring of the smallest cohorts, 

especially in monospecific stands. Thus, the variation in initial dbh is leading to slightly different initial 

heights of cohorts of the same species. In addition, we revised the species-specific light requirement of 

tree saplings (kLy; Table S1). 

Maximum tree number - kTrMax 

Since tree number is highest during early succession, we derived the value of maximum tree number 

kTrMax from long-term data of 19 storm areas in Switzerland that had been afflicted by the winter 

storms Vivian or Lothar in 1990 and 1999, respectively (Brang et al. 2015). In 2010, i.e. 20 and 10 years 

after the stand-�U�H�S�O�D�F�L�Q�J���V�W�R�U�P�V�����U�H�V�S�H�F�W�L�Y�H�O�\�����W�U�H�H���Q�X�P�E�H�U�����V�X�P���R�I���D�O�O���W�U�H�H�V���•�������F�P���L�Q���K�H�L�J�K�W�����E�H�F�D�P�H��

constant in most areas (Brang et al. 2015). Thus, we calculated tree number per ha of all trees with a 
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�G�E�K���•�����������F�P�����7�K�H���K�L�J�K�H�V�W���W�U�H�H���G�H�Q�V�L�W�\���H�T�X�D�O�H�G�����������������W�U�H�H�V���K�D���D�W���D���P�H�V�L�F��site in the Swiss lowlands 

(mean annual temperature: 8.6 °C, precipitation sum: 1050 mm/year). Hence, we assumed kTrMax to 

be 30,000 trees/ha. 

Site-specific reduction of the establishment probability parameter kEstP and maximum tree 
number kTrMax 

Under suboptimal site conditions, the establishment probability parameter kEstP (option a2) and 

maximum tree number kTrMax are reduced by drought (gDr) or unfavorable temperature (gDD) 

conditions (Fig. S3). We assumed a linear relationship between a lower and upper threshold (Tlower, 

Tupper). For the drought reduction factor, the lower threshold was set to a mean annual drought index 

mDrAn of 0.1, congruent with the dry distribution limit of European beech. The upper limit for mDrAn 

was set to 0.5, representing extremely dry conditions that are hardly found anywhere in Europe, to avoid 

�µ�K�D�U�G�F�R�G�L�Q�J�¶���W�K�H���G�U�\���G�L�V�W�U�L�E�X�W�L�R�Q���O�L�P�L�W���R�I���W�K�H���O�L�I�H���I�R�U�P���I�R�U�H�V�W��(Bugmann 1996b). The reduction factor 

due to unfavorable temperature was set to 100% up to an annual degree day sum of 0 °C, while it is 

assumed that temperature is not limiting above a threshold of 1225 °C, which is meant to represent the 

transition from the upper montane to the high montane elevation zone. 

 

Figure S3: Reduction factors for kEstP and kTrMax. Tlower and Tupper represent the lower and upper thresholds. A 
reduction factor of 1.0 implies that establishment probability and maximum tree numbers are reduced by 100%. 

Continuous establishment flags EFs 

To account for increasing stress-induced mortality that specifically acts to reduce the number of seeds, 

germinants, seedlings and saplings when confronted with increasingly harsh environmental conditions 

(option b2), the binary establishment flags (EFs) were transformed to continuous EFs. Therefore, instead 

of distinguishing only between no (EF = 0) or full establishment (EF = 1), a linear function was 

implemented connecting these two extremes for every EF (Fig. S4). Thus, the EF increases 

monotonically with improving establishment conditions starting from a threshold value T, which 
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represents the condition when the species-specific requirements are just fulfilled, to a value of 1, for 

which it is assumed that the respective EF has no limiting effect any more.  

 

Figure S4: Binary vs. continuous establishment flags (EFs). 

SMEF: soil moisture establishment flag, with kDrTol denoting the species-specific drought tolerance and uDr the 
annual or seasonal drought index for evergreen and deciduous species, respectively. The value of 0.08 equals the 
difference from one drought tolerance class to the next. 

WTEF: winter temperature establishment flag, with kWiTN and kWiTX representing the minimum and maximum 
threshold of minimum winter temperature tolerated by the species and uWiT denoting the minimum winter 
temperature. 

DDEF: degree-day establishment flag, with kDDMin denoting the minimum degree-day requirements of the 
species and uDD the sum of degree-days during the growing season. The value of 256 represents the additional 
degree-day sum for a temperature increase of +1°C during the growing season from April to October. 

ALEF: available light establishment flag, where kLy represents shade tolerance of tree saplings and uAL0 light 
availability on the forest floor. kLy +0.5 represents full light conditions for the most shade-intolerant species. 

Note: T is set to 0.001, representing the threshold where the species-specific requirements are just fulfilled. 
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S1 Growth 

Growth rate parameter (kG) 

Table S2: Maximum observed radial increments (RI) per species derived from the International Tree-Ring Data 
Bank (ITRDB). The 99% percentiles and the absolute maxima are given per species. # denotes the number of 
studies and trees, respectively. Species are shown for which more than 500 chronologies were available.  

Species # studies # trees 99% percentile of 
RI [mm] 

maximum RI 
[mm] 

Abies alba 112 7463 8.99 20.08 
Larix decidua 57 1893 12.19 17.03 
Picea abies 249 15102 9.68 18.12 
Pinus cembra 27 1319 5.22 7.61 
Pinus sylvestris 278 17266 9.21 33.18 
Castanea sativa 8 1263 9.88 12.06 
Fagus sylvatica 66 1702 9.94 15.91 
Quercus petraea 42 862 8.98 15.38 
Quercus pubescens 95 3443 9.61 15.37 

 

Growth-reduction factor (GRF) 

The combination of several growth-reducing factors (GFs) into one annual growth-reduction factor GRF 

�L�V���D���P�D�M�R�U���F�K�D�O�O�H�Q�J�H���L�Q���W�K�H���D�S�S�U�R�D�F�K���R�I���µ�F�R�Q�V�W�U�D�L�Q�H�G���R�S�W�L�P�X�P���J�U�R�Z�W�K�¶�����)�L�J�����6�����L�O�O�X�V�W�U�D�W�H�V���G�L�I�I�H�U�H�Q�F�H�V���L�Q��

GRF (panels b) for four formulations and for four exemplary time periods of 20 years featuring different 

environmental conditions (panels a).  

In example 1, available light is most limiting with the exception of few dry years. Example 2 corresponds 

to example 1 with the exception of the soil-moisture GF (SMGF), which is generally low and at the 

same level as ALGF. In example 3, the degree-day growth factor (DDGF) is increased and thus hardly 

limiting. Example 4 features strong variation of soil moisture, while the other GFs correspond to 

example 1.  

The multiplicative approach applied in JABOWA (Botkin et al. 1972a) results in the strongest reduction 

�R�I���J�U�R�Z�W�K�����Z�K�L�O�H���)�R�U�&�O�L�P�¶�V���V�W�D�Q�G�D�U�G���I�R�U�P�X�O�D�W�L�R�Q�����(�T���������L�Q���W�K�H���P�D�L�Q���P�D�Q�X�V�F�U�L�S�W�����O�H�D�G�V���W�R���W�K�H���V�P�D�O�O�H�V�W��

�U�H�G�X�F�W�L�R�Q�����)�L�J�����6���������/�L�H�E�L�J�¶�V���³�O�D�Z���R�I���W�K�H���P�L�Q�L�P�X�P�´��(Liebig 1855) and the alternative formulation, which 

applies the square root instead of the third root, generally result in intermediate GRFs that however show 

deviating inter-annual behavior because the first is influenced by the most limiting GF only, while the 

latter captures the inter-annual fluctuations of all GFs.  
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Figure S5: Comparison of different formulations to combine individual annual growth-reducing factors (GFs, left 
panels) into one unique growth-reduction factor GRF (right panels) for 4 exemplary situations of environmental 
conditions (1-4). GF values range from 0 (limiting) to 1 (non-limiting). Individual growth reduction factors 
considered are AL: available light, DD: degree-days, SM: soil moisture, SN: soil nutrients, CL: crown length. 
Formulations considered are the standard and alternative formulations of the geometric mean used in ForClim (Eq. 
2 in the main manuscript with the third and square root for the standard and alternative formulation, respectively), 
multiplicative approach used in JABOWA (Botkin et al. 1972a) �D�Q�G���/�L�H�E�L�J�¶�V���³�O�D�Z���R�I���W�K�H���P�L�Q�L�P�X�P�´��(Liebig 1855). 
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Allocation of volume growth to height and diameter growth 

In ForClim, the function fh is applied to distribute volume growth to diameter and height growth 

considering competition effects (Lindner et al. 1997, Rasche et al. 2012). 

�Â�* 
L �B�Û�Â�&�$�*, where (1) 

�B�Û
L ���C�5
I �� �@�s 
F
�Á�?�5�ä�7

�Þ�Á�Æ�Ô�ë�?���5�ä�7
�A, (2) 

where kHMax is maximum tree height and gS expressing the effect of competition: 

�C�5
L �G�5�/�E�J 
E�G�'�s 
I �:�s 
F���#�.�Á�;, (3) 

where kSMin and kE1 are species-specific parameters, and ALH denotes relative light availability at the 

�F�R�K�R�U�W�¶�V���W�R�S���K�H�L�J�K�W�� 

The form Eq. 3 equation was conceived by Lindner et al. (1997) for the FORSKA model, and the 

species-specific parameters were iteratively estimated for four species through a series of simulations 

and subsequent visual comparisons of simulated and measured data from long-term thinning trials in 

Germany (Lindner et al. 1997, Lindner 1998). Based on these values, the parameter values of ten 

�D�G�G�L�W�L�R�Q�D�O���V�S�H�F�L�H�V���Z�H�U�H���H�V�W�L�P�D�W�H�G���E�D�V�H�G���R�Q���W�K�H���V�S�H�F�L�H�V�¶���H�F�R�O�R�J�L�F�D�O���F�K�D�U�D�F�W�H�U�L�V�W�L�F�V�����L���H�������V�K�D�G�H���W�R�O�H�U�D�Q�F�H��

and crown shape) relative to those of the fitted ones (Lindner 1998). 

In ForClim, these parameter values were estimated for the parameterized species (>30) with the help of 

�D���O�L�Q�H�D�U���U�H�J�U�H�V�V�L�R�Q���E�H�W�Z�H�H�Q���/�L�Q�G�Q�H�U�¶�V�����������������N�6�0�L�Q���D�Q�G���N�(�����Y�D�O�X�H�V���D�Q�G���W�K�H���V�S�H�F�L�H�V�¶���V�K�D�G�H���W�R�O�H�U�D�Q�F�H��

(kLa; Rasche et al. 2012): 

kSMin = 1.3 * kLa + 39.5;  (4) 

kE1 = 14 * kLa + 13. (5) 

This parameterization results in strongly different allocation patterns between shade-tolerant and shade-

intolerant species, with shade tolerance being split into nine classes (i.e., kLa �n �^���«���`���� 

For this study, we tested two alternative parameterizations (A1 and A2; Table S3). A1 directly applies 

�/�L�Q�G�Q�H�U�¶�V�����������������N�6�0�L�Q���D�Q�G���N�(�����Y�D�O�X�H�V����with additional species being assigned the parameter values of 

the ecologically most similar species for which parameter values were suggested by Lindner (1998). For 

A2, the kLa values were scaled (kLa �Æ kLa/3+3) to diminish the parameter ranges and thus the very 

strong differences between shade-tolerant and shade-intolerant species.  

�N�6�0�L�Q�¶ = 1.3 * (kLa/3+3) + 39.5;  (6) 
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�N�(���¶ = 14 * (kLa/3+3) + 13. (7) 

 

Table S3: kSMin and kE1 values for the standard (A0) and alternative (A1 and A2) formulations for selected species 
representing a gradient from highly shade-tolerant (kLa = 1) to highly shade-intolerant (kLa = 9). 

species Fagus 
sylvatica 

Picea  
abies 

Quercus 
petraea 

Betula 
pendula 

kLa 1 5 7 9 
kSMin     
  A0 0.41 0.46 0.49 0.51 
  A1 0.40 0.40 0.50 0.50 
  A2 0.44 0.46 0.46 0.47 
kE1     
  A0 0.27 0.83 1.11 1.39 
  A1 0.30 0.30 1.00 1.50 
  A2 0.60 0.78 0.88 0.97 
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S1 Background mortality 

ForClim applies a constant annual background mortality (gPBgr; Eq. 8) that is derived from species-

specific maximum age (kAMax; Botkin et al. 1972a). It is scaled so that 1% of the trees reach kAMax 

in the absence of other sources of mortality, by setting the mortality probability coefficient (kDeathP) 

to 4.605 (Shugart 1984, Bugmann 1996c).  

�C�2�$�C�N�Ì�ç�Ô�á�×�Ô�å�×
L
�Þ�½�Ø�Ô�ç�Û�É

�Þ�º�Æ�Ô�ë
 (8) 

While high competition-induced mortality rates of small trees are represented by the stress-related 

mortality formulation, increasing mortality rates of large trees are not captured by the standard 

formulation because the growth-reduction factor (GRF) hardly falls below 10% for dominant trees 

(especially at sites featuring good growing conditions), nor does diameter increment fall below 0.03 

cm·yr-1 because of geometrical constraints alone, i.e. the allocation of growth to an ever larger stem 

circumference (Fig. 1 in the main manuscript). 

For the alternative formulation, we modified the relationship proposed by Manusch et al. (2012), where 

gPBgr increases exponentially with dbh (Eqs. 9-10): 

�C�2�$�C�N�Æ�Ô�á�è�æ�Ö�Û�� 
L �@
�×�Õ�Û

�Þ�½�Æ�Ô�ë
�A

��
 (9) 

where kDMax represents species-�V�S�H�F�L�I�L�F���P�D�[�L�P�X�P���G�E�K�����7�K�H���S�D�U�D�P�H�W�H�U���.���Z�D�V���V�H�W���W�R�����������D�Q�G�����������I�R�U��

needle-leaved evergreen and broadleaved summergreen species, respectively (Manusch et al. 2012). 

Since gPBr �L�Q�F�U�H�D�V�H�V�� �H�[�S�R�Q�H�Q�W�L�D�O�O�\���� �W�U�H�H�V�� �R�I�� �O�D�U�J�H�U�� �G�L�D�P�H�W�H�U�V�� ���G�E�K�� �•�� �N�'�0�D�[�������� �I�H�D�W�X�U�H�� �D�� �P�L�Q�L�P�D�O��

survival probability only (Fig. S6), which contradicts empirical findings (e.g., Etzold et al. 2016, 

Hülsmann et al. 2017).  

Thus, we adapted Eq. 9 to the following form (Figs. S6-8): 

�C�2�$�C�N�º�ß�ç�Ø�å�á�Ô�ç�Ü�é�Ø
L �r�ä�s �Û�� �@
�×�Õ�Û

�Þ�½�Æ�Ô�ë
�A

��
 (10) 

Species-specific kDMax values were based on (Bugmann 1994) �D�Q�G���H�[�S�H�U�W���N�Q�R�Z�O�H�G�J�H�����.���Z�D�V���V�H�W���W�R����������

for all species because this value provides reasonable mortality probabilities when compared to data 

from close-to-nature and unmanaged plots of the Swiss National Forest Inventory (Etzold et al. 2016). 

Empirically-based algorithms were not considered because they do not differentiate between mortality 

causes. 
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Figure S6: Mortality formulations for Picea abies. a Annual background mortality; b 10-yr survival probability 
for the standard and alternative background mortality formulations as well as for the background mortality 
formulation proposed by Manusch et al. (2012). Maximum age and maximum dbh were set to 930 years and 200 
cm, respectively. 

 

 

 

Figure S7: �6�H�Q�V�L�W�L�Y�L�W�\�� �R�I�� �W�K�H�� �D�O�W�H�U�Q�D�W�L�Y�H�� �E�D�F�N�J�U�R�X�Q�G�� �P�R�U�W�D�O�L�W�\�� �I�R�U�P�X�O�D�W�L�R�Q�� �W�R�� �W�K�H�� �Y�D�O�X�H�� �R�I�� �.�� �I�R�U��Picea abies. 
Maximum dbh was set to 200 cm. 
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S1 Light regime 

Table S4: Species-specific parameter values for the two parameterizations of crown projection area (cpa = ea + 
dbhb) according to the Online Resource 2-Table 4 and original data underlying Pretzsch (2014), kindly made 
available by H. Pretzsch (Technical University of Munich). 

 

L1 
standard regression  

L2 
95% regression 

species a b a b 

Abies alba 0.23 0.84 0.87 0.85 

Larix decidua -2.01 1.40 -0.92 1.28 

Picea abies, P. cembra -0.86 1.05 -0.2 1.01 

Pinus montana -0.86 1.05 -0.92 1.28 

Pinus sylvestris -2.23 1.48 -0.92 1.28 

Taxus baccata -2.23 1.48 0.87 0.85 

Acer pseudoplatanus -1.79 1.49 0.26 1.07 

Alnus glutinosa, A. incana, A. viridis -1.62 1.37 0.26 1.07 

Betula pendula, Sorbus aucuparia -0.80 1.15 0.26 1.07 

Carpinus betulus -0.03 1.11 1.24 0.92 

Castanea sativa -2.63 1.69 0.26 1.07 

Fagus sylvatica 0.36 0.98 1.24 0.92 

Fraxinus excelsior, Populus nigra, Ulmus glabra -2.71 1.70 0.26 1.07 

Quercus petraea, Q. robur -2.63 1.69 -1.54 1.55 

Quercus pubescens 0.36 0.98 -1.54 1.55 

Salix alba -0.03 1.11 0.26 1.07 

Tilia cordata 0.36 0.98 1.24 0.92 

Tilia platyphyllos -2.71 1.70 1.24 0.92 
Acer campestre, A. platanoides, Populus tremula, Sorbus 
aria, Corylus avellana 0.36 0.98 0.26 1.07 

 

Figure S9: Relationship between dbh and crown projection area (cpa) for a Picea abies, b Pinus sylvestris and c 
Fagus sylvatica for the two parameterizations (i.e., the standard L1 and 95% L2 regression allometry). Red dots 
represent individual tree measurements from long-term experimental plots (Pretzsch 2014). The regression lines 
are extrapolated up to the species-specific maximum dbh. Maximum individual tree cpa is restricted to 400 m2. 
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S1 Study sites 
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S1 Criteria for long-term simulations: site-specific lower and upper values 
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Supplementary material S2: Extended results 

 

 

Table S1: Model versions performing better than the standard model for all applications. E: establishment, G: 
growth-rate parameter (kG), R: growth-reduction factor (GRF), A: allocation of volume growth to height and 
diameter growth, M: mortality, L: light regime. The subscript 0 always refers to the standard formulation, while 
values >0 refer to alternative formulation(s). For a description of the standard and alternative formulations, see 
Tables 1-2 in the main manuscript. 
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M1 

M0 

M1 

M1 

M0 

M0 

M1 

L0 
L0 

L0 

L0 

L0 

L0 

L0 
 

  



Chapter 3 197 

 

 

 

 

 

Figure S1: Combination of model formulations that constitute the 10% worst model versions for each model 

application. E: establishment, G: growth-rate parameter (kG), R: growth-reduction factor (GRF), A: allocation of 

volume growth into height and diameter growth, M: mortality, L: light regime. For E, all alternative formulations 

�Z�H�U�H���V�X�P�P�D�U�L�]�H�G���D�V���µ�$�O�W�H�U�Q�D�W�L�Y�H�����¶�����)�R�U���D���G�H�V�F�U�L�S�W�L�R�Q���R�I���W�K�H���V�W�D�Q�G�D�U�G���D�Q�G���D�O�W�H�U�Q�D�W�L�Y�H���I�R�U�P�X�O�D�W�L�R�Q�V�����V�H�H���7�D�E�O�H�������L�Q��

the main manuscript.   
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Figure S2: Patterns used to assess model performance with their corresponding performance values for the 504 
model versions tested at 9 and 7 sites for the long-term (a-d) and short-term managed (e) simulations, respectively 
(each bar represents n=4,536 and 3,528 simulations for the long-term and short-term managed simulations, 
respectively). 1: simulated value was within the expected range; -10: simulated value was far beyond the expected 
range; 0: else. A description of the patterns is given in Table 3 in the main manuscript. 
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Figure S3: Performance of the individual patterns of the 504 versions per study site (each bar represents n=3,528, 
3,024 and 2,016 for the long-term mixed, long-term monospecific and short-term managed simulations, 
respectively). 1: simulated value was within the expected range; -10: simulated value was far beyond the expected 
range; 0: else. A description of the sites is given in Appendix S1: Tables S5-S6. 
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Figure S4: Performance of the standard and alternative formulations for the short-term managed application. The 
subscript 0 always refers to the standard formulation, while values >0 refer to alternative formulation(s). a 
establishment (E0, and E1-6), b light regime (L0, L1, L2), c allocation of volume growth into height and diameter 
growth (A0, A1, A2), d growth-rate parameter kG (G0, G1), e growth-reduction factor GRF (R0, R1), and f background 
mortality (M0, M1). Note the modulus-transformed y-axis (John and Draper 1980). High positive or negative values 
represent simulations that strongly over- or underestimate the value of the respective pattern in comparison to 
�L�Q�Y�H�Q�W�R�U�\���G�D�W�D�����%�$�������E�D�V�D�O���D�U�H�D���R�I���D�O�O���W�U�H�H�V���Z�L�W�K���G�E�K���•�����F�P�����7�U�V�������W�U�H�H���Q�X�P�E�H�U���R�I���D�O�O���W�U�H�H�V���Z�L�W�K���G�E�K���•�����F�P�����+�'�R�P����
dominant height: mean height of the 100 tallest trees per ha, DbhMax: maximum dbh.  
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Figure S5: Performance of the standard (E0) and alternative (E1-6) establishment formulations for the long-term 
applications. Note the modulus-transformed y-axis (John and Draper 1980). The lower and upper values of the 
plausible ranges defined for each site and pattern were scaled to -0.2 and +0.2, respectively, to allow for a 
comparison across sites. High positive or negative values represent simulations that strongly over- or 
underestimate the value of the respective pattern. For a description of the standard and alternative formulations, 
see Tables 1-2 in the main manuscript. For an explanation of the patterns, see Table 3 in the main manuscript. For 
SpDom, the pattern performance is shown: 1: the simulated most dominant species corresponded to the expected 
most dominant species of the PNV; -10: the percentage of BA7 of the expected most dominant species of PNV 
was <5% of total BA7; 0: else. Panels denoted with * are shown in the main manuscript.  
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Figure S6: Performance of the standard (G0) and alternative (G1) growth-rate parameterization for the long-term 
applications. Note the modulus-transformed y-axis (John and Draper 1980). The lower and upper values of the 
plausible ranges defined for each site and pattern were scaled to -0.2 and +0.2, respectively, to allow for a 
comparison across sites. High positive or negative values represent simulations that strongly over- or 
underestimate the value of the respective pattern. For a description of the standard and alternative formulations, 
see Table 2 in the main manuscript. For an explanation of the patterns, see Table 3 in the main manuscript. For 
SpDom, the pattern performance is shown: 1: the simulated most dominant species corresponded to the expected 
most dominant species of the PNV; -10: the percentage of BA7 of the expected most dominant species of PNV 
was <5% of total BA7; 0: else. Panels denoted with * are shown in the main manuscript. 
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Figure S7: Performance of the standard (R0) and alternative (R1) formulations of the growth-reduction factor 
(GRF) for the long-term applications. Note the modulus-transformed y-axis (John and Draper 1980). The lower 
and upper values of the plausible ranges defined for each site and pattern were scaled to -0.2 and +0.2, respectively, 
to allow for a comparison across sites. High positive or negative values represent simulations that strongly over- 
or underestimate the value of the respective pattern. For a description of the standard and alternative formulations, 
see Table 2 in the main manuscript. For an explanation of the patterns, see Table 3 in the main manuscript. For 
SpDom, the pattern performance is shown: 1: the simulated most dominant species corresponded to the expected 
most dominant species of the PNV; -10: the percentage of BA7 of the expected most dominant species of PNV 
was <5% of total BA7; 0: else. Panels denoted with * are shown in the main manuscript.  
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Figure S8: Performance of the standard (A0) and alternative (A1, A2) formulations allocating volume growth into 
height and diameter growth for the long-term applications. Note the modulus-transformed y-axis (John and Draper 
1980). The lower and upper values of the plausible ranges defined for each site and pattern were scaled to -0.2 and 
+0.2, respectively, to allow for a comparison across sites. High positive or negative values represent simulations 
that strongly over- or underestimate the value of the respective pattern. For a description of the standard and 
alternative formulations, see Table 2 in the main manuscript. For an explanation of the patterns, see Table 3 in the 
main manuscript. For SpDom, the pattern performance is shown: 1: the simulated most dominant species 
corresponded to the expected most dominant species of the PNV; -10: the percentage of BA7 of the expected most 
dominant species of PNV was <5% of total BA7; 0: else. Panels denoted with * are shown in the main manuscript. 
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Figure S9: Performance of the standard (M0) and alternative (M1) mortality formulations for the long-term 
applications. Note the modulus-transformed y-axis (John and Draper 1980). The lower and upper values of the 
plausible ranges defined for each site and pattern were scaled to -0.2 and +0.2, respectively, to allow for a 
comparison across sites. High positive or negative values represent simulations that strongly over- or 
underestimate the value of the respective pattern. For a description of the standard and alternative formulations, 
see Table 2 in the main manuscript. For an explanation of the patterns, see Table 3 in the main manuscript. For 
SpDom, the pattern performance is shown: 1: the simulated most dominant species corresponded to the expected 
most dominant species of the PNV; -10: the percentage of BA7 of the expected most dominant species of PNV 
was <5% of total BA7; 0: else. Panels denoted with * are shown in the main manuscript.  
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Figure S10: Performance of the standard (L0) and alternative (L1, L2) light formulations for the long-term 
applications. Note the modulus-transformed y-axis (John and Draper 1980). The lower and upper values of the 
plausible ranges defined for each site and pattern were scaled to -0.2 and +0.2, respectively, to allow for a 
comparison across sites. High positive or negative values represent simulations that strongly over- or 
underestimate the value of the respective pattern. For a description of the standard and alternative formulations, 
see Table 2 in the main manuscript. For an explanation of the patterns, see Table 3 in the main manuscript. For 
SpDom, the pattern performance is shown: 1: the simulated most dominant species corresponded to the expected 
most dominant species of the PNV; -10: the percentage of BA7 of the expected most dominant species of PNV 
was <5% of total BA7; 0: else. 
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Abstract 

The increasing impacts of climate change on forest ecosystems have triggered multiple model-

based impact assessments for the future, which typically focused either on a small number of 

stand-scale case studies or on large scale analyses (i.e., continental to global). Therefore, 

substantial uncertainty remains regarding the local impacts over large areas (i.e., regions to 

countries), which is particularly problematic for forest management and planning. 

We provide a comprehensive, high-resolution assessment of the climate change sensitivity of 

managed Swiss forests ���F�D���� �����¶�������� �N�P2), which cover a very wide range of environmental 

conditions. We used a dynamic vegetation model to project, until the end of the 22nd century, 

the development of typical forest stands derived from a stratification of the 3rd National Forest 

Inventory. Two types of simulations were conducted: one was limited to using the extant local 

species, whereas the other enabled immigration of potentially more climate-adapted species. 

Moreover, we quantified and decomposed the uncertainty in model projections resulting from 

(i) climate change scenarios, (ii) local site conditions and (iii) structural and parameter-related 

model uncertainty, an aspect hitherto rarely taken into account. 

The simulations showed substantial changes in basal area and species composition, with 

dissimilar sensitivity to climate change across and within elevation zones. Higher-elevation 

stands generally profited from increased temperature, but soil conditions strongly modulated 

this response. Low-elevation stands were increasingly subject to drought, with strong negative 

impacts on forest growth. Current stand structure was found to have a strong effect on the 

simulated response as well. The admixture of drought-tolerant species appeared advisable 

across all elevations to mitigate future adverse climate-induced effects. 

The largest uncertainty in model projections was associated with climate change scenarios. 

Uncertainty induced by model structure or parameter values was generally largest where overall 

simulated climate change impacts were small, thus corroborating the utility of the model for 

making projections into the future. Yet, the large influence of both site conditions and the choice 

of the forest model version on some of the projections indicates that uncertainty sources other 

than climate change scenarios need to be considered in climate change impact assessments. 

Keywords: Adaption, dynamic vegetation model, ForClim, forest gap model, forest model, 

management, mountain forest, species composition, Switzerland, tipping point, uncertainty 
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Introduction 

Forest ecosystems and their sustainable management are of key importance for the provisioning 

of a broad range of ecosystem services such as biogeochemical cycling, terrestrial biodiversity, 

timber and food production, recreation and tourism, or protection from soil erosion, rockfall 

and snow avalanches (FAO 2010). Yet, changing temperature and precipitation patterns 

resulting from anthropogenic climate change have already started reshaping forest ecosystems, 

i.e. by changes in stand productivity (Charru et al. 2010, Pretzsch et al. 2014), drought-induced 

tree mortality (Allen et al. 2010, Peng et al. 2011, Senf et al. 2018) or species range shifts 

(Walther 2003, Iverson and McKenzie 2013), and thus affecting the manifold ecosystem 

services they provide (Schröter et al. 2005, Elkin et al. 2013). In the coming decades, the 

impacts of climate change are expected to strongly alter the species composition (Gonzalez et 

al. 2010, Hanewinkel et al. 2013, Clark et al. 2016), structure (Elkin et al. 2013, Clark et al. 

2016) and productivity (Boisvenue and Running 2006, Gauthier et al. 2014) �R�I���W�R�G�D�\�¶�V��forests. 

Across large spatial extents, a number of consistent trends to global warming have been 

identified by empirical and model-based studies (IPCC 2014). First, greatest changes in 

productivity and biomass are expected for forests currently limited by water availability or low 

temperature (Bugmann et al. 2015, Mathys et al. 2017, Brecka et al. 2018). In Europe, for 

example, climate-induced negative impacts on forest productivity will thus occur 

predominantly at low elevations and in southern and continental areas, whereas temperature-

limited forests at high elevations and latitudes are expected to feature increased productivity 

and biomass (Lindner et al. 2010, Hartl-Meier et al. 2014, Reyer et al. 2014, Schelhaas et al. 

2015, Morin et al. 2018). Second, tree species are expected to shift their distributions poleward 

in latitude and upward in elevation, while being replaced by more drought- and warmth-adapted 

species at their low latitude and elevation range limit (Lexer et al. 2002, Walther et al. 2002, 

Peñuelas and Boada 2003, Morin et al. 2008, Hanewinkel et al. 2013, Takolander et al. 2019). 

Yet, at the local to regional scale, factors other than general climatic trends strongly affect forest 

dynamics, thus likely resulting in more complex and heterogeneous transient responses of 

forests in time and space. Most importantly, topography can cause substantial regional and local 

climatic variation (CH2011 2011, Engler et al. 2011) impacting forest dynamics (Johnstone et 

al. 2010). Furthermore, current stand structure and species composition, which is strongly 

influenced by past management legacies (Bürgi et al. 2013) and disturbances (Janda et al. 2019), 
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determine the future development of these forests at the local scale, at least in the short- to mid-

term (Pretzsch 2009, Ruiz-Benito et al. 2013, De Cáceres et al. 2015). In addition, species 

interactions influence both species productivity (Mette et al. 2013, Forrester et al. 2017) and 

distributions (Bullock et al. 2000, Takolander et al. 2019) and may hamper the immigration of 

other species at a given site (Walther 2010, Takolander et al. 2019). Finally, soil properties 

contribute to differences in local and stand-specific growth patterns (De Cáceres et al. 2015) 

and tree species distributions (Walthert and Meier 2017).  

However, as most previous climate impact projections of change in forest structure and 

composition have either focused on a few sites only (e.g., Lasch et al. 2002, Hlásny et al. 2014, 

Mina et al. 2017a) or adopted a purely climate-based approach when conducting large scale 

analyses (i.e., continental to global level; e.g., Hickler et al. 2012, Hanewinkel et al. 2013), 

substantial uncertainty remains regarding the complex local responses over larger areas (i.e., 

regions to countries; Millar et al. 2007, Reyer et al. 2015). Thus, decision makers still lack 

essential knowledge at the level that is relevant for forest planning and management with regard 

to (1) the possible implications of climate change, especially concerning the fate of the extant 

species and the potential of substitute species that may arise due to migration or planting, and 

(2) the temporal aspects of these changes. 

In this context, forest gap models (FGMs) are suitable tools to project and asses the transient 

response of forests with a high level of detail (Snell et al. 2014, Larocque et al. 2016), as they 

simulate the regeneration, growth and mortality of individual trees or cohorts on small patches 

considering abiotic (e.g., climate) and biotic factors (e.g., competition; Bugmann 2001). Thus, 

they account not only for climate-induced direct effects, but also for indirect effects through 

changes in interspecific competition at the local scale (Snell et al. 2014). Moreover, they 

consider small-scale forest stand characteristics (Lindner et al. 1997), incorporate management 

functions (Rasche et al. 2011) and account for small-scale factors such as topography or soil 

properties (Shugart et al. 2018). 

Yet, considerable uncertainty is inherent in the projections of such models (e.g., Bugmann et 

al. 2019), and can originate from various sources. In the context of climate change impact 

assessments, typical sources of uncertainty include future greenhouse gas emissions (IPCC 

2014), climate change projections ���.�Q�X�W�W�L�� �D�Q�G�� �6�H�G�O�i�þ�H�N�� ����������, uncertainties in the model 

structure and parameterization (e.g., Reyer et al. 2016, Snell et al. 2018, Bugmann et al. 2019) 

or changing societal demands for ecosystem goods and services (Alberdi Asensio et al. 2015). 
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Although it was emphasized that model projections should explore uncertainty ranges (Matott 

et al. 2009, Augusiak et al. 2014, Lindner et al. 2014), impact studies typically focus on the 

uncertainties arising from the choice of the climate change scenario alone (e.g., Fyllas and 

Troumbis 2009, Manusch et al. 2014) or compare projections across different models (e.g., 

Nishina et al. 2015, Ito et al. 2017). However, few studies have accounted for parameter 

uncertainty (but see Reyer et al. 2016) or structural uncertainty within one single model, 

whereby the latter generally focused on one process only (e.g., mortality; Hlásny et al. 2014, 

Bircher 2015, Bugmann et al. 2019). Hence, few climate change impact studies for forests have 

simultaneously accounted for uncertainties arising from different sources and decomposed 

them systematically (but see Horemans et al. 2016, Kalliokoski et al. 2018). 

The aim of this study was to analyze the transient response of forests at a scale relevant to forest 

management planning with the help of a state-of-the-art FGM. Switzerland was selected as 

study region because it features a large elevation gradient resulting in a high diversity of forest 

ecosystems ranging from Mediterranean-type Scots pine-oak forests to temperate spruce-fir-

beech forest and subalpine larch-Stone pine forests (Frehner et al. 2005, Bircher 2015), thus 

covering a bioclimatic gradient representative for large parts of Europe.  

We projected the development, until the end of the next century (i.e., 2200 AD), of 71 stands 

typical of Swiss forests in terms of stand structure and species composition that were derived 

from a stratification (Bircher 2015) of the Third Swiss National Forest Inventory (Keller 2011). 

To investigate the effect of the enrichment of the local species pool�V�� ���H���J������ �G�X�H�� �W�R�� �V�S�H�F�L�H�V�¶��

upward shifts in mountain forests or management strategies), two types of simulations were 

run, where one was limited to using the extant local species of the typical stands, whereas the 

other considered immigration. Moreover, we quantified and decomposed the uncertainty in 

projected stand basal area (BA) resulting from multiple uncertainty sources, i.e., three 

downscaled climate change scenarios, two assumptions about local soil conditions, and eight 

FGM versions featuring different ecological assumptions. Thereby, the latter accounts for 

structural uncertainty, an aspect rarely taken into account in DVMs.  

In particular, we addressed the following questions: 

(1) Which stands are expected to be subject to adverse impacts of climate change? 

(2) Can adverse impacts be mitigated by enriching the local species pool? 
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(3) How large are the uncertainties in model projections? How much of the variability 

in future climate change impacts is due to the choice of the climate change scenario, 

the local soil conditions, and the forest model? 

Methods 

The ForClim model 

ForClim is a climate-sensitive FGM that simulates the establishment, growth and mortality of 

trees on independent patches (usually n = 200 and patch size = 500-1,000 m2) at yearly time 

steps based on biotic and abiotic conditions (Bugmann 1996). The model is parameterized for 

>30 central European tree species that establish as saplings with an average dbh (diameter at 

breast height) of 1.27 cm. A random experiment determines whether establishment occurs in a 

given year based on a site-specific establishment probability parameter (Huber et al. accepted). 

If establishment takes place, the overall number of new saplings is deduced from site and stand 

characteristics and subsequently distributed across the species that passed several species-

specific requirements (referred to as establishment flags EFs; Huber et al. accepted). The 

following EFs are considered: available light at the forest floor, soil moisture, winter 

temperature, growing-season degree-days, and browsing (Bugmann 1996, Risch et al. 2005, 

Didion et al. 2009). 

�)�R�U�&�O�L�P�¶�V��tree growth equation is based on a modified version of the carbon budget model by 

Moore (1989), where annual growth is derived by reducing optimum growth according to 

morphological (crown length) and environmental constraints, i.e., available light, soil moisture, 

growing-season degree-days, and soil nitrogen (Bugmann 1996, Didion et al. 2009). Annual 

growth is allocated to diameter and height growth taking account of competition and site-

specific climatic conditions (Bugmann 1996, Rasche et al. 2012).  

Individual-tree mortality is modeled as a stochastic process derived from the combination of 

three mortality rates: background, stress-induced and disturbance-related mortality. The 

�µ�E�D�F�N�J�U�R�X�Q�G�¶���P�R�U�W�D�O�L�W�\���D�F�F�R�X�Q�W�V���I�R�U���S�U�R�F�H�V�V�H�V���Q�R�W���F�R�Q�V�L�G�H�U�H�G���H�[�S�O�L�F�L�W�O�\���L�Q���W�K�H���P�R�G�H�O�����V�X�F�K���D�V��

individual tree death due to small-scale disturbances (e.g., lightning or fungal attacks; Bugmann 

1994). The stress-induced mortality is acting when annual diameter increment falls below an 

absolute or relative minimum for at least three consecutive years (Solomon 1986, Bircher et al. 

2015). The disturbance-related mortality (exogenous mortality) represents major landscape-
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level disturbances such as fire or pest outbreaks (Busing and Solomon 2005). In addition, 

management interventions can be simulated explicitly by applying a wide range of planting, 

cutting and thinning techniques (Rasche et al. 2011). 

For each forest patch, a stochastic weather generator derives random series of weather data 

from observed or projected monthly long-term characteristics of temperature and precipitation 

(Bugmann 1996). Based on these weather series, bioclimatic indices, i.e. minimum winter 

temperature and degree-days, and annual drought indices are derived. The latter are calculated 

from a modified version of the monthly soil water balance model by Thornthwaite and Mather 

(1957) with one soil layer and a snow accumulation-and-melt module (Bugmann and Cramer 

1998, Bugmann and Solomon 2000, McCabe and Wolock 2009). 

ForClim was evaluated under a wide range of environmental conditions in Europe (e.g., Rasche 

et al. 2011, Mina et al. 2017b). In addition, its behavior and parameter sensitivity were assessed 

(ForClim v3.3; Huber et al. 2018). Subsequently, standard and alternative representations of 

core ecological processes were compared in a pattern-oriented modeling approach (Grimm et 

al. 1996, ForClim v4.0; Huber et al. accepted). Both analyses were conducted over a wide 

gradient of ecological conditions in Europe and highlighted the sensitivity of model projections 

to assumptions regarding regeneration, growth and mortality. In particular, assumptions on 

sapling densities have shown to be of key importance for model output but are associated with 

high uncertainty. Moreover, there is considerable uncertainty with a large influence on model 

projections regarding the formulations of mortality and of the allocation of volume increment 

to height vs. diameter growth (see also Rasche et al. 2012, Hülsmann et al. 2018, Bugmann et 

al. 2019, Thrippleton et al. 2019).  

Here, we used ForClim v4.0.1, which corresponds to ForClim v4.0 (Huber et al. accepted) but 

includes a revised snow-melt function (Huber et al. 2019) and revised species-specific 

parameters (Appendix S1: Table S1.1). Moreover, we applied eight model versions (Appendix 

S1: Table S1.2) that represent a factorial combination of different formulations introduced by 

Huber et al. (accepted) with respect to the establishment probability, the allocation to height vs. 

diameter growth, and the background mortality, so as to account for uncertainties in the model 

structure and parameters. More details are provided in Appendix S1. 
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Forest strata and stratum-specific site parameters 

To study the future development of typical forest stands in Switzerland, we used the 71 strata 

derived from 6,838 forested plots of the 3rd Swiss National Forest Inventory (NFI; Keller 2011) 

by Bircher (2015). For this stratification, the forested NFI plots were first grouped into eco-

regions and elevation zones (Frehner et al. 2005) and subsequently segregated according to 

their vertical stand structure and developmental stage (Bircher 2015). For each resulting 

stratum, the single-tree data of all associated NFI plots were aggregated to an artificial but 

representative forest stand in terms of diameter structure and species composition (Bircher 

2015; Appendix S1: Table S1.3). Thus, these strata are the most representative stands in terms 

of structure and tree species composition for the particular eco-region and elevation zone 

(Bircher 2015).  

For each stratum, soil water holding capacity (WHC, cm), available nitrogen (kg·ha-1·yr-1) and 

a slope-aspect correction factor (kSlAsp) were derived (Appendix S1: Table S3). Since 

estimating WHC is a major challenge for all large-scale applications of vegetation models (De 

Cáceres et al. 2015) and ForClim outputs have been shown to be highly sensitive to this 

parameter (Huber et al. 2018), we derived two values per stratum representing rather deep and 

shallow soils, respectively. For the former, WHC was derived from spatially explicit 

METEOTEST data (Bircher 2015). For the latter, these values were reduced depending on 

elevation (Schwörer et al. 2014, Wohlgemuth and Moser 2018), i.e. by 50% for the highest 

elevation zones (subalpine and upper subalpine) and by 25% for the other zones. Due to the 

lack of site information on available nitrogen, this parameter was varied in concert with WHC, 

with values ranging from 40 to 100 kg·ha-1·yr-1, resulting in two soil types (i.e., rich and poor). 

Lastly, kSlAsp accounts for terrain effects on potential evapotranspiration (Bugmann and 

Cramer 1998). We used the most frequent value of the associated NFI plots for each stratum. 

Climate data 

We ran simulations for historic climate and three climate change projections. For the historic 

climate, we used data for the reference period 1980 to 2009. For each stratum, we used long-

term monthly mean temperatures and precipitation sums as well as the respective standard 

deviations and cross-correlations from spatially interpolated weather data (Remund et al. 2016; 

provided by the Federal Office of Meteorology and Climatology MeteoSwiss) of all associated 

NFI plots (Bircher 2015). 
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For the climate change simulations, we used the emission scenario A2, anticipating strong 

increases of global greenhouse gas emissions (CH2011 2011). The CH2011 climate scenarios 

provide seasonal estimates (lower, medium and upper estimates) of temperature and 

precipitation changes derived from several global and regional climate models (van der Linden 

and Mitchell 2009) for three future 30-year periods. Spatially aggregated estimates are available 

for five regions (Zubler et al. 2014). We applied the delta change method to derive monthly 

mean temperatures and precipitation sums over time, i.e. by linearly interpolating the 

differences between the values of the historic climate and the estimates of the central years of 

the three 30-year periods. To account for the uncertainty inherent in the climate change 

projections of the A2 scenario, we applied three combinations of the seasonal lower, medium 

and upper estimates of temperature and precipitation change, resulting in three climate change 

(CC) scenarios (A2.1-A2.3, Fig. 1 and Appendix S1: Fig. S1.1). In spite of being based on one 

single emission scenario, these combinations span a very wide range of possible outcomes of 

future climate and consider positive inter-seasonal relationships for temperatures and a negative 

temperature-precipitation relationship during summer (Fischer et al. 2016). 

Figure 1: Climate change delta values for temperature and precipitation for the three climate change scenarios 
(A2.1 to A2.3) based on an A2 emission scenario (CH2011 2011) for the five regions of Switzerland relative to 
the reference period 1980-2009. For details on the region-specific values, see Appendix S1: Fig. S1.1. 

Simulation setup 

The model was initialized for the year 2006 with the single-tree data of the stratification by 

Bircher (2015). Management interventions were simulated to reproduce �µbest practice�¶��

management in Switzerland (Bircher 2015) and were defined per elevation zone and stand type 

(i.e., even-aged or uneven-aged). Even-aged stands were thinned and harvested from above 

(Rasche et al. 2011; further details are provided in Appendix S1). Uneven-aged stands were 
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managed in two different ways depending on elevation. For strata located at high elevations 

(i.e., within or above the high-�P�R�Q�W�D�Q�H�� �H�O�H�Y�D�W�L�R�Q�� �]�R�Q�H������ �D�� �P�R�X�Q�W�D�L�Q�� �I�R�U�H�V�W�� �µ�S�O�H�Q�W�H�U�L�Q�J�¶�� �Z�D�V��

applied (group selection; cf. Thrippleton et al. under revision). At lower elevations, uneven-

aged strata were managed according to an individual tree plentering (single-tree selection; 

Rasche et al. 2011). The management interventions were applied to all tree species present on 

a forest patch. All simulations assumed natural regeneration, thus no planting was simulated. 

Major landscape-level disturbances were not considered in any simulation. 

We ran two types of simulations, i.e. �µbase species pool�¶�����%�3�����D�Q�G���µ�L�P�P�L�J�U�D�W�L�R�Q�¶�����,�0������For the 

BP simulations, the local species pool was restricted to the �µextant species�¶ of the respective 

stratum, i.e., all species that contributed at least 5% to stand BA in 2006 (Appendix S1: Table 

S1.3). This allows focusing on the fate of the individual strata, especially with regard to the 

response of the individual tree species, without potentially confounding effects arising from a 

possible replacement of the already present �µextant species�¶ by other immigrant species. 

To analyze the latter, we allowed the establishment of all parameterized central European 

species in the IM simulations (in addition to the extant species) after a lag phase of 50 years, to 

account for the fact that immigrant species need to become available locally, i.e. in a given 

stand. This can be either due to upward natural migration with climate change, or due to 

changing management strategies such as fostering of nearby seed trees or active planting 

(assisted migration). Both extant and immigrant species establish as saplings only if the species-

specific abiotic and biotic requirements are fulfilled. 

To assess the sensitivity of model projections to uncertainties in (1) the CC scenarios, (2) the 

local soil conditions and (3) the model version, we conducted a factorial simulation experiment 

comprising four climate scenarios (historic climate and 3 CC scenarios), two soil types (rich 

and poor) and eight model versions. 

Analysis 

We compared stand BA, harvested BA and species composition projected for the three CC 

scenarios �W�R���W�K�H���µ�U�H�I�H�U�H�Q�F�H�¶���S�U�R�M�H�F�W�L�R�Q�V����i.e., the projections obtained under the historic climate 

of the reference period 1980-2009. Since residual stand BA and harvested BA were strongly 

correlated (Appendix S2: Fig. S2.1), we focus on residual stand BA. Due to the large number 

of simulations, results are presented for one particular model version (i.e., model version 22; 
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Appendix S1: Table S1.2), which has been shown to provide accurate results when applied to 

a wide range of situations (Isler 2019, Thrippleton et al. 2019). In addition, we assessed the 

robustness of the projected BA changes across the eight model versions by estimating the inter-

model variability of the responses for the different forest strata under different climatic and site 

conditions (i.e., standard deviation of the share of strata falling into a given impact category; 

for details, see caption of Fig. 4). 

To investigate the role of potential explanatory variables for the relative change in stand BA 

caused by CC, we applied linear mixed effects models. Models were fitted separately for BP 

and IM simulations with the R package nlme (Pinheiro et al. 2018). Explanatory variables 

included as fixed effects were the stratum-specific WHC, kSlAsp, elevation, the number of 

species at initialization and BA at initialization. Further, we considered the initial shares of 

European beech (Fagus sylvatica), Norway spruce (Picea abies) and silver fir (Abies alba). 

These explanatory variables were standardized (mean = 0, standard deviation = 1) prior to 

analyses. Finally, the CC scenario and the stratum were included as categorical variable and as 

a random effect for the intercept, respectively. Strata managed according to the individual tree 

plentering (Appendix S1: Table S1.3) were excluded from the analysis because the 

corresponding management aims at a constant BA, which is a distinct difference to the other 

strata and precludes a statistical analysis of the drivers of the changes in BA (Appendix S2: Fig. 

S2.1). 

To analyze changes in species composition, we calculated a percentage similarity coefficient 

(PS; Eq. 1; Bugmann 1997).  
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where xCC and xRP denote the relative share of a species under the CC scenario and the historic 

climate of the reference period 1980-2009, respectively.  

Further, we calculated the relative climate-induced BA change by species of all strata within 

one elevation zone: 
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where xCC and xRP denote the absolute species BA under the CC scenario and the historic climate 

of the reference period 1980-2009, respectively, and n is the number of strata in the respective 
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elevation zone. Change values >0 and <0 indicate increases and decreases in absolute species 

BA under CC compared to the reference climate, respectively. The absolute values of species 

BA change sum up to 1 per elevation zone.  

Moreover, we determined the influence of the different sources of uncertainty on model 

projections, i.e. CC scenario, soil type and model version. For each stratum, we calculated the 

fraction of variance in projected stand BA that was attributed to each uncertainty source with 

an analysis of variance (ANOVA) using the R package vca (Schuetzenmeister and Dufey 2018).  

All analyses were performed in the statistical software R (v3.4.3; Team 2018).  

Results 

Climate change impacts on stand BA 

The model projected mainly small climate change effects for the lowest (i.e., colline) and 

positive effects for the highest elevation zone (i.e., upper subalpine; Figs. 2 and 3). In the other 

zones, projected BA changes depended strongly on the climate change scenario, the local soil 

conditions, species pool and the strata. 

For the BP simulations, the share of strata showing negative effects increased with the 

�P�D�J�Q�L�W�X�G�H���R�I���F�O�L�P�D�W�H���F�K�D�Q�J�H�����L���H�����I�U�R�P���V�F�H�Q�D�U�L�R���$�����������µ�O�R�Z���L�P�S�D�F�W�¶�����W�R���$�����������µ�K�L�J�K���L�P�S�D�F�W�¶����

(Figs. 2a and 3a). Climate-induced abrupt changes were projected to occur in most elevation 

zones before the end of this century and were usually followed by a period of stabilization 

during the next century (Fig. 2a). By 2200, more than one third of the strata in the sub-, low 

and high-montane zones featured pronounced negative effects relative to the historic climate 

���!���������G�H�F�U�H�D�V�H���R�I���%�$���� �X�Q�G�H�U���W�K�H���µ�K�L�J�K���L�P�S�D�F�W�¶�����$�����������V�F�H�Q�D�U�L�R for both rich and poor soils 

(Fig. 3a). �6�X�E�V�W�D�Q�W�L�D�O���L�Q�F�U�H�D�V�H�V���L�Q���%�$�����• +15%) relative to the historic climate were simulated 

only for some strata at higher elevations (upper montane, subalpine and upper subalpine) and 

in the montane zone of the Southern Pre-Alps (Fig. 3a). The strata of the subalpine zone were 

highly sensitive to the assumption on local soil conditions showing a shift from generally 

positive to mostly negative responses to climate change from rich to poor soils, respectively 

(Figs. 2a and 3a). 

For the IM simulations, fewer strata were negatively affected by climate change compared to 

the BP simulations (Fig. 3b vs 3a). Decreases in absolute stand BA were less pronounced and 
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projected to be at least partly compensated by species immigration, especially in the upper-

montane zone and the montane zone of the Southern Pre-Alps (cf., Fig. 2a vs. 2b). At higher 

elevations (i.e., high montane, subalpine and upper subalpine zone), IM led to a larger increase 

of projected BA compared to BP (Figs. 2a vs. 2b and 3a vs. 3b). Yet, IM did not prevent the 

large negative differences in stand BA in the sub-�P�R�Q�W�D�Q�H���]�R�Q�H���X�Q�G�H�U���W�K�H���µ�K�L�J�K���L�P�S�D�F�W�¶�����$����������

scenario.  

Figure 2: Absolute differences in BA over time for the three climate change scenarios (A2.1-A2.3) with respect 

to the BP simulations under the historic climate of the reference period 1980-2009 for (a) BP and (b) IM. For 

better visualization, a running mean was applied, which corresponded to the management interval. Colored lines 

represent the median value of the differences for all strata. The shaded colored areas show the uncertainty bounds 

among all strata (maximum and minimum value). Results are shown for model version 22. The number of strata 

per elevation zone are: CO (colline): 6, SM (sub montane): 8, LM (low montane): 12, MO (montane zone of the 

Southern Pre-Alps): 4, UM (upper montane): 16, HM (high montane): 14, SA (subalpine): 8,  

US (upper subalpine): 3.  
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Figure 3: Changes in stand basal area (BA) per elevation zone (column groups) for the three climate change 
scenarios (rows, A2.1-A2.3) with respect to the BP simulations under the historic climate of the reference period 
1980-2009 for (a) BP and (b) IM. The different impact categories (---,--,-,0,+,++,+++) indicate the magnitude of 
change, from strong decrease to strong increase, and are defined by percentage deviation from the reference. The 
color code indicates the effect sign and color shading indicates effect consistency across the strata expressed as 
the fraction of strata falling into a given impact category. Results are shown for two points in time, i.e. 2070 and 
2200, where model outputs per stratum were averaged across one intervention period with the years 2070 and 2200 
as the central years, respectively. Results are further displayed for rich and poor soils. For number of strata, cf. 
caption of Fig. 2. Results are shown for model version 22. For raw data, see Appendix S2: Fig. S2.2. 

These patterns were generally robust across the eight model versions, as depicted by the inter-

model variability of projected impacts (Fig. 4). Different allocations of strata to impact 

categories were usually observed for neighboring categories, indicating that the projected trends 

tended to be consistent for the model versions and suggesting that these differences were at 

least partly due to the categorization into discrete impact categories. Moreover, the projections 

of the eight model versions were generally robust when the strata within one elevation zone 

featured consistent climate-change responses based on model version 22 (indicated by an 

asterisk in Fig. 4; cf. Figs. 2 and 3).  
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Figure 4: Inconsistency of the projected changes in stand basal area (BA) of the eight model versions per elevation 
zone (column groups) for the three climate change scenarios (rows, A2.1-A2.3) for (a) BP and (b) IM. The 
different impact categories (---, --, -, 0, +, ++, +++) indicate the magnitude of change, from strong decrease to 
strong increase, and are defined by percentage deviation from the reference. The color shading indicates effect 
consistency across the model versions expressed as the standard deviation of the fractions of strata falling into a 
given impact category. A standard deviation of 0 (displayed by a white color) indicates perfect agreement between 
the projections of the eight model versions. The same applies when no strata fall into an impact category across 
all eight model versions (displayed by gray pattern). Maximum standard deviation equaled 0.31. Asterisks (*) 
�G�H�Q�R�W�H���F�D�W�H�J�R�U�L�H�V���I�R�U���Z�K�L�F�K���P�R�G�H�O���Y�H�U�V�L�R�Q���������I�H�D�W�X�U�H�G���K�L�J�K���F�R�Q�V�L�V�W�H�Q�F�\���D�F�U�R�V�V���W�K�H���X�Q�G�H�U�O�\�L�Q�J���V�W�U�D�W�D�����L���H�������•��������
of the strata fell into a given impact category; Fig. 3). Results are shown for two points in time, i.e. 2070 and 2200, 
where model outputs per stratum were averaged across one intervention period with the years 2070 and 2200 as 
the central years, respectively. Results are further differentiated by soil type, i.e. rich and poor soils. For an 
explanation of the abbreviations and number of strata per elevation zone, cf. caption of Fig. 2. 

As shown by the mixed-effects models (Appendix S2: Table S2.1), negative effects of climate 

change were associated with (1) increasing magnitude of climate change relative to the historic 

climate, (2) both low and high values of WHC and available nitrogen, (3) south-facing steep 

slopes and (4) low elevations. Moreover, projected BA was negatively related to a high initial 

proportion of Norway spruce for the BP simulations, while it was positively related to a high 

initial proportion of silver fir for both the BP and IM simulations. 
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Projected changes in species composition 

By the end of the next century, projected changes in species composition relative to the 

reference species composition showed consistent trends across all elevations (Figs. 5 and 6).  

First, species composition tended to become increasingly dissimilar to the reference 

composition with increasing magnitude of climate change, especially when immigration was 

considered (Figs. 5 and 6). This was not the case for strata located in the colline zone, however. 

There, sweet chestnut (Castanea sativa), an important species in 2/3 of the strata (Appendix S1: 

Table S1.3), was projected to become subject to strong interspecific competition by other 

species (i.e., European beech, oak or linden). However, under the �µ�K�L�J�K���L�P�S�D�F�W�¶����A2.3) scenario, 

it was most competitive, resulting in a species composition that was similar to the reference 

(Appendix S2: Fig. S2.3 and S2.11). 

Figure 5: Similarity of long term (i.e., by 2200) projected species composition to the reference species 
composition. The reference composition is derived from BP simulations under the historic climate of the reference 
period (RP) 1980-2009. Species composition is measured as the relative share on total stand BA per species. 
Similarity is estimated as a percentage similarity index (PSI, Eq. 1), where high values (i.e., close to 1) indicate 
that the species composition is similar to the reference composition. Model outputs were averaged across one 
management interval with the year 2200 representing the central year. On the x-axis and y-axis, the similarities to 
the reference species composition are shown for BP and IM, respectively. For BP simulations, the species set was 
�U�H�V�W�U�L�F�W�H�G���W�R���W�K�H���µ�H�[�W�D�Q�W���V�S�H�F�L�H�V�¶���O�L�V�W���R�I���W�K�H���U�H�V�S�H�F�W�L�Y�H���V�W�U�D�W�X�P�����L���H�����D�O�O���W�K�H���V�S�H�F�L�H�V���W�K�D�W���F�R�Q�W�U�L�E�X�W�H�G���D�W���O�H�D�V�W���������W�R���W�K�H��
stand BA in 2006. Thus, monospecific stands (represented by a triangle) could not change their species 
composition for the BP simulations (PSI = 1). Results are shown for model version 22. For an explanation of the 
abbreviations and number of strata per elevation zone, cf. caption of Fig. 2. 

Second, as immigration allowed species substitution to occur, species composition was more 

dissimilar to the reference composition for the IM than for the BP simulations for most strata 

(Fig. 5). �8�Q�G�H�U���W�K�H���µ�K�L�J�K���L�P�S�D�F�W�¶�����$�����������V�F�H�Q�D�U�L�R����some strata even featured PSI values close to 

zero, indicating an almost complete replacement of the extant species by a different set of 

species due to the direct and indirect effects of CC. The immigrating species were either 

drought-tolerant, such as sweet chestnut, Scots pine (Pinus sylvestris), oak or linden, or 
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dominant tree species from lower elevations that expanded their range upslope (e.g., European 

beech or silver fir; Fig. 6). The latter was most pronounced for the high montane zone, where 

European beech, which was not present at all in the extant species pool (Appendix S1: Table 

S1.3), immigrated and thus strongly altered species composition (Figs. 5 and 6).  

Third, the shift towards more drought-adapted species was generally more pronounced for poor 

than rich soils (Fig. 5 and Appendix S2: Figs. S2.3-S2.18).  

Figure 6: Species change (Eq. 2) per elevation zone for the three CC scenarios with respect to the reference species 
composition. The reference composition is derived from BP simulations under the historic climate of the reference 
period (RP) 1980-2009. Values >0 represent an increase in BA of the respective species, while values <0 represent 
a decrease in BA of the respective species. Note that the same species can show changes in both directions, thus 
indicating an increase in some strata and a decrease in others within the same elevation zone. Results are shown 
for rich soils in the year 2200 and model version 22. For poor soils, see Appendix S2: Fig. S2.19. Values of 
absolute species BA were averaged across one management interval with the year 2200 representing the central 
year. For an explanation of the abbreviations and number of strata per elevation zone, cf. caption of Fig. 2. Species: 
PCem = Pinus cembra, LDec = Larix decidua, PAbi = Picea abies, AAlb= Abies alba, FSyl = Fagus sylvatica, 
PSyl = Pinus sylvestris, Tilia = Tilia sp., Querc = Quercus sp., CSat = Castanea sativa, other = other species. 

Apart from these general trends, changes in species composition varied substantially with 

elevation, particularly for the BP simulations (Fig. 5). Strata featuring rather small changes in 

the relative shares of the local species for all CC scenarios were mainly located in the montane 

zone of the Southern Pre-Alps and in the colline, subalpine and upper subalpine zones. While 

strata in the sub-montane zone also featured rather small changes under the A2.1 and A2.2 CC 

scenarios, they exhibited distinct differences to the reference composition under the �µ�K�L�J�K��

�L�P�S�D�F�W�¶����A2.3) scenario (Fig. 5). Specifically, the dominant European beech became prone to 
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dieback and progressive replacement by silver fir and oak species, and Norway spruce 

disappeared completely (Fig. 6: upper panel). The climate response of the strata in the low 

montane zone was variable (Fig. 5) and depended mostly on the share of Norway spruce, which 

was generally replaced by European beech and silver fir (Fig. 6: upper panel, Appendix S2: 

Figs. S2.5 and S2.13). In the upper montane zone, species composition was projected to be 

distinctly different from the reference composition for all CC scenarios (Fig. 5) due to a 

decrease of Norway spruce in all strata, which was accompanied by a relative increase of 

European beech (Fig. 6: upper panel, Appendix S2: Figs. S2.7 and S2.15). In the high montane 

zone, Norway spruce became prone to dieback and gradually replaced by European larch (Larix 

decidua), silver fir and Scots pine (Fig. 6: upper panel, Appendix S2: Figs. S2.8 and S2.16). 

Sensitivity to uncertainties in the CC scenario, soil type and model version 

The uncertainty in projected stand BA varied among elevation zones and was larger for 2200 

than for 2070 (Fig. 7a and c). The BP and IM simulations featured similar uncertainty ranges 

in 2070, while they were generally smaller for IM than BP in 2200 (Fig. 7a and c), as explained 

below.  

In 2070, the sensitivity of projected stand BA to the uncertainty sources was almost identical 

for the BP and IM simulations. Strata in the sub-montane (SM), low montane (LM) and 

subalpine (SA) zones featured the highest uncertainty ranges (Fig. 7a and c). For most strata in 

the sub-montane and low montane zones, the soil type and model version accounted for the 

majority of the variation in projected stand BA (Fig. 7b and d). Yet, the two highest BA 

uncertainty ranges in these zones (approximately 30 m2/ha; Fig. 7a and c) resulted from the 

variability induced by both the CC scenarios and the soil types (CC scenarios: 42% and 50%, 

and soil type: 50% and 44%; for both BP and IM), not from the model versions. At high 

elevations (subalpine and upper subalpine (US)), the variability induced by the soil type was 

the largest source of systematic uncertainty, accounting for at least 71% of the variability (Fig. 

7b and d). For strata in the colline (CO), upper montane (UM) and high montane (HM) zones 

as well in the montane zone of the Southern Pre-Alps (MO), the model versions generally 

caused the largest variability in stand BA (Fig. 7b and d). 
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Figure 7: Range and origin of uncertainty on model projections for BP (a&b) and IM (c&d) for 2070 (left panels) 
and 2200 (right panels). The upper panels (a&c) show the extent of uncertainty in projected stand BA, and the 
lower panels (b&d ) show the proportion of variability caused by the choice of the climate change scenario, the 
local soil conditions and the model version per elevation zone. The uncertainty range represents the difference 
between the maximum and minimum value of projected BA out of 48 simulations per stratum (3 climate change 
scenarios · 2 soil types · 8 model versions). BA was averaged across one management interval with the years 2070 
and 2200 representing the central years, respectively. For an explanation of the abbreviations and number of strata 
per elevation zone, cf. caption of Fig. 2.  
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In 2200, the sensitivity of projected stand BA to the uncertainty sources was higher than in 

2070 in both types of simulation, but the uncertainty was higher and featured higher variability 

for BP than IM simulations (Fig. 7a and c). In both cases, the strata of the sub-montane zone 

featured the largest uncertainty in stand BA (Fig. 7a and c), which originated mainly from the 

CC scenarios for both the BP and IM simulations (Fig. 7b and d). Generally and not 

surprisingly, the strata were more sensitive to the CC scenarios in the year 2200 than in 2070 

in most elevation zones. As in 2070, s was the largest source of systematic uncertainty at high 

elevations, whereas the model versions were more important at lower elevations. While the BP 

and IM simulations generally featured similar patterns, strata in the high montane zone were 

more sensitive to CC for the BP than IM simulations because climate-induced diebacks of 

Norway spruce stands could not be compensated by other species (see section Projected 

changes in species composition). 

Discussion 

We provide a comprehensive assessment of the climate sensitivity of stand BA and species 

composition of typical managed Swiss forests under different assumptions of climate change, 

local soil conditions, species pool (with and without immigration), and model version. Our 

strata-based approach provides a template for upscaling stand-scale impact assessment data to 

the national level while maintaining local accuracy. Furthermore, our approach accounted for 

various uncertainty sources, including the structural and parameter-related uncertainty of the 

model, which has previously not been assessed in a similarly comprehensive way. 

Overall, our results are in line with the two general climate-induced trends identified by many 

empirical and model-based studies: 1) negative climate-induced impacts on forest productivity 

at low elevations and positive effects at high elevations (e.g., Linares et al. 2009, Bugmann et 

al. 2015); and 2) an increase in drought-adapted species proportion at the local scale and an 

upward (or northward) shift of current species ranges (e.g., Peñuelas and Boada 2003, 

Hanewinkel et al. 2013). Yet, our results reveal highly variable climate sensitivity across 

elevation zones, highlighting the relevance of small-scale mediating effects, as discussed in 

detail below. 
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Climate change impacts on stand BA 

The strata at the lowest elevations, i.e. in the colline zone, did not generally show high 

sensitivity to CC. In this zone, adverse effects of CC on stand BA were projected by the end of 

the next century �R�Q�O�\�� �X�Q�G�H�U�� �W�K�H�� �µ�K�L�J�K�� �L�P�S�D�F�W�¶��CC scenario. This surprising pattern can be 

explained by a combination of regional climatic conditions and historic management. First, all 

strata of the colline zone were located in the Southern Pre-Alps, featuring an insubric climate 

(i.e., dry mild winters and warm summers with short, heavy spells of precipitation) and thus 

comparably high annual precipitation sum (1600-2100 mm; Telesca et al. 2010). Second, the 

stratification did not include forest stands located at extreme site conditions (Bircher 2015), 

e.g., rock debris or forest edges (Conedera et al. 2010). Third, most of the strata located in the 

colline zone are mainly composed of drought-adapted species such as sweet chestnut (i.e., 

artificial chestnut orchards and coppices; Conedera et al. 2001), oak or linden, hence leading to 

a comparably low sensitivity of the current strata to CC. Overall, our results thus indicate that 

the regional climate regime and the current species composition resulting from past forest 

management and land-use (Conedera et al. 2004) likely mitigate the direct climate-induced 

effect of CC on forest stands. Yet, further processes may affect these strata, which were not 

accounted for in this study, e.g., diseases (Robin and Heiniger 2001, Vannini and Vettraino 

2001), the immigration of exotic species (Knüsel et al. 2017), extreme events (Conedera et al. 

2010), or interactions among these (Sallé et al. 2014). 

In contrast, adverse climate-induced effects were projected already �X�Q�G�H�U���W�K�H���µ�O�R�Z���L�P�S�D�F�W�¶���&�&��

scenario by 2070 for several strata in the sub-montane, low montane and high montane zones. 

Forest stands at these elevations were generally most sensitive to adverse CC impacts in the 

long term (i.e., by 2200) compared to other zones, even under good soil conditions. 

Interestingly, the�V�H���]�R�Q�H�V���U�H�S�U�H�V�H�Q�W���W�R�G�D�\�¶�V rear edges (i.e., dry, warm range limits; Lenoir and 

Svenning 2013) of the two currently most important late-successional species, i.e., European 

beech and Norway spruce (Frehner et al. 2005). Due to widespread planting of Norway spruce 

(Bürgi and Schuler 2003), this species is important in many strata below its natural distribution 

limit , even in the sub-montane zone (Appendix S1: Table S1.3). Our simulation results indicate 

that the drought-induced dieback of Norway spruce and European beech at low elevations is 

unlikely to be compensated by more drought-tolerant species, such as Scots pine, sweet 

chestnut, oak or linden, due to their comparably lower productivity (Schelhaas et al. 2015). Yet, 

in the conifer-dominated high montane and subalpine zones, the projected declines of Norway 
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spruce were compensated by the warming-promoted immigration of European beech. Such 

temperature-driven upward shift of beech has been observed already in the recent past and are 

expected to increase significantly in the future (Peñuelas and Boada 2003, Peñuelas et al. 2007). 

Overall, our results indicate that strata in the sub-montane and low montane zones are likely to 

be most prone to climate-induced losses of stand BA, even under mesic conditions (Martin-

Benito et al. 2018), due to the drought-related vulnerability of European beech and Norway 

spruce.  

Strata in the subalpine zone featured mostly positive effects but were most sensitive to the 

assumption on soil conditions. Thus, our results suggest a heterogeneous response of these 

strata to CC depending on site-specific water and nitrogen availability, particularly in dry inner-

alpine environments. Therefore, the general expectation of positive CC induced effects on 

forests at higher elevations due to increasing temperature (e.g., Lexer et al. 2002, Harsch et al. 

2009, Bugmann et al. 2015, Jochner et al. 2017) should be considered with caution. This is 

supported by recent empirical evidence (van der Maaten-Theunissen et al. 2012, Charru et al. 

2013, Martin-Benito et al. 2018) and model-based studies (Henne et al. 2011) showing regional 

and local variations in growth responses to CC suggesting an interplay of warming with local 

water and nutrient limitations. 

Knowledge on the temporal dynamics of climate-induced structural changes of forest stands is 

of utmost interest for practitioners (Ammer et al. 2018). Yet, few studies have addressed such 

trajectories although they are highly relevant for forest management (Temperli et al. 2012). Our 

simulations show that climate-induced abrupt changes in absolute BA are likely to occur mainly 

towards the end of this century. Yet, for the �µ�K�L�J�K���L�P�S�D�F�W�¶���&�&���V�F�H�Q�D�U�L�R�����D�E�U�X�S�W���G�H�F�O�L�Q�H�V���Z�H�U�H��

projected already before, particularly for some strata in the sub-montane and low montane 

zones. When taking immigration of drought-adapted species into account, the decreases in stand 

BA were generally less pronounced and projected to be at least partly compensated by the 

introduction of new species. However, these results should be considered with caution because 

they primarily account for long-term climatic trends, i.e. gradual increases of the average of the 

monthly mean temperatures and directed relative changes of monthly precipitation. Other 

factors can strongly drive abrupt changes in stand BA, particularly extreme events and 

disturbances (i.e., fire, drought, wind, snow and ice, insects and pathogens; Lindner et al. 2010, 

Barros et al. 2017, Seidl et al. 2017a, Janda et al. 2019), whose temporal occurrence is quite 

difficult to predict (but see Thom et al. 2017). Still, the expected changes in species composition 
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provide key information on strata that are most prone to abrupt declines of stand BA (Morin et 

al. 2018). 

Projected changes in species composition 

We found a number of consistent trends regarding changes in species composition across 

elevation. On the one hand, CC generally led to an increase of drought-tolerant species, such as 

Scots pine, sweet chestnut, oak or linden, at all elevations, which is in agreement with trends 

observed under the ongoing CC (Peñuelas and Boada 2003, Rigling et al. 2013). The shift 

towards more drought-adapted species was generally more pronounced on poor soils and south-

facing slopes, which again agrees well with initial trends from the studies mentioned above. On 

the other hand, a general upward shift of species ranges was projected, especially for the main 

species European beech, silver fir and Norway spruce. Although reported evidence for such 

climate-induced upwards shifts of forest biomes remain scarce (Harsch et al. 2009) or are 

restricted to a few quite extreme regions, i.e. the dry inner-Alpine zone (Rigling et al. 2013), 

some studies report a progressive vegetation shift along elevation (Peñuelas and Boada 2003, 

Lenoir et al. 2008).  

Yet, apart from these general trends, the strata of the different elevation zones featured 

dissimilar and sometimes rather abrupt responses to CC (see discussion below), with the latter 

indicating tipping point dynamics (i.e., the system exhibits a sharp transition between 

contrasting stable states instead of a smooth response; Scheffler and Carpenter 2003, Hirota et 

al. 2011). The identification of alternative states is of high interest because distinct abrupt 

changes in species composition are associated with fundamental changes in ecosystem 

functioning and thus forest ecosystem services (Temperli et al. 2012).  

Strata in the upper montane zone were the closest to a tipping point because Norway spruce 

was facing increasing interspecific competition by European beech and, to a lesser extent, silver 

fir. This resulted in a climate-induced rank-reversal in species dominance in these strata. The 

same applied to strata in the high montane zone. Substantial changes in species composition 

were expected due to the immigration of European beech �H�Y�H�Q���I�R�U���W�K�H���µ�O�R�Z���L�P�S�D�F�W�¶���&�&���V�F�H�Q�D�U�L�R. 

Yet, due to its sensitivity to late frost, European beech may have a comparably lower capacity 

to migrate to higher elevations than silver fir (Cailleret and Davi 2011), a factor not fully 

considered in ForClim. Strata in the sub-montane elevation zone featured distinct changes in 

�V�S�H�F�L�H�V���F�R�P�S�R�V�L�W�L�R�Q���R�Q�O�\���I�R�U���W�K�H���µ�K�L�J�K���L�P�S�D�F�W�¶���&�&���V�F�H�Q�D�U�L�R. Thus, apart from the disappearance 
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of the silviculturally favored Norway spruce (Seidl et al. 2017b), our results suggest that current 

species composition is relatively robust to slight and even moderate �&�&���� �<�H�W���� �X�Q�G�H�U�� �µ�K�Lgh 

�L�P�S�D�F�W�¶���&�&�����W�K�H���F�X�U�U�H�Q�W�O�\��dominant European beech became prone to progressive replacement 

by more drought tolerant species, as observed already today for drought-affected areas in other 

parts of Europe (Bontemps et al. 2010, Mette et al. 2013). 

Overall, our results suggest that the admixture of more drought-tolerant species, such as silver 

fir (Baumbach et al. 2019), European larch (Wolfslehner et al. 2011), Scots pine, sweet 

chestnut, oak or linden, is highly advisable across all elevations to mitigate future adverse 

climate-induced changes of basal area and thus aboveground carbon storage. 

Uncertainties in model projections 

The largest uncertainty regarding future BA was generally associated with the CC scenarios. 

Yet, the large influence of soil conditions and model versions for some elevation zones indicates 

that uncertainty other than the CC scenarios are highly relevant for future projections.  

This is in line with findings of other impact studies (Nishina et al. 2015, Horemans et al. 2016, 

Kalliokoski et al. 2018, Snell et al. 2018) emphasizing that other uncertainty sources than 

climate can be highly relevant, but their importance depends considerably on the 

biogeographical and environmental context. Unfortunately, further comparisons of the 

uncertainty decomposition between these studies and our results are not feasible due to 

differences in study design, model output and the choice of uncertainty sources. 

At high elevations, soil conditions were the dominant source of uncertainty, leading to 

substantial uncertainty ranges of BA. This was mostly due to the comparably higher underlying 

uncertainty on soil conditions (WHC and nitrogen availability) at high elevations combined 

with the low drought tolerance of Norway spruce, the dominant species at this elevation 

(Büntgen et al. 2005, Hartl-Meier et al. 2014). Hence, the assumption on local soil conditions 

strongly determines the climate signal of the model projections. Reliable site-specific soil 

information is thus of utmost importance for robust projections of future forest dynamics (De 

Cáceres et al. 2015, Huber et al. 2018), especially in the context of mountain forests (Seidl et 

al. 2005, Henne et al. 2011, Schwörer et al. 2014, Wohlgemuth and Moser 2018). 

At low elevations, the model versions were a relevant source of uncertainty in addition to the 

CC scenario, reflecting strongly different simulated species responses to the underlying model 
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assumptions. For instance, different assumptions on the regeneration process (i.e., assumptions 

on sapling densities) have long-lasting effects on BA, particularly for shade-tolerant species. 

This effect is the key cause underlying the differential relative contribution of the model 

versions to uncertainty across the elevation gradient: at low elevations, the highly shade-tolerant 

European beech is dominant under current climatic conditions, and thus these strata are 

particularly sensitive to the model assumptions. By contrast, the much less shade-tolerant 

Norway spruce is currently dominant at higher elevations, and therefore these strata are more 

sensitive to other factors including drought, i.e. the assumptions on local soil conditions. Thus, 

the (further) reduction of model uncertainty represents an essential factor to better constrain the 

uncertainties of climate assessments and to increase the robustness of the projections for 

practical decision support. Yet, although the assumptions on model structure led to differences 

in BA projections, the model versions featured consistent patterns in response to the CC 

scenarios, pointing at robust trajectories of forest dynamics. 

Conclusions 

We investigated the climate sensitivity of stand basal area and species composition of typical 

managed Swiss forests using a state-of-the-art model of forest dynamics. We simultaneously 

accounted for uncertainties arising from the climate change scenarios, soil conditions und 

model structure, and systematically decomposed their relative importance. 

We identified the following stands as being most prone to negative climate-induced impacts: 

(1) stands in the sub-montane and low montane elevations zones and (2) stands located on poor 

soils in the high montane and subalpine elevation zones. However, species immigration partly 

mitigated the negative impacts of climate change. Thus, admixing drought-tolerant species is 

advisable to increase the resistance and resilience of forest stands to climate change.  

The uncertainty ranges of projected basal area were substantial, being primarily associated with 

the climate change scenarios. Yet, the high importance of soil conditions at high elevations and 

the relevance of the choice of the model version at lower elevations point at uncertainty sources 

other than climate change scenarios that need to be considered in impact assessments. 

The results of this study are likely to be relevant for (1) other dynamic vegetation models as 

well, because these models feature strong structural similarities, and (2) other regions because 

Switzerland covers an exceptionally wide range of environmental conditions. Ultimately, our 
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study demonstrates a systematic approach for (1) providing locally accurate climate impact 

assessments over large areas, a scale that has not previously been accessible, and (2) considering 

explicitly the uncertainties arising from the structure and parameterization of forest models in 

addition to other sources of uncertainty. This is highly relevant information towards better, 

evidence-based decision support in forest management under climate change. 
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APPENDIX S1: Extended methods 

 

Revised species parameters 

Table S1.1: Species-specific values for the revised parameters derived based on expert knowledge by ETH Zurich 
Chief Dendrologist A. Rudow (compilation of existing literature, data and own experience; publication in prep.). 
kDDMin = minimal annual degree-day sum [°], kWiTX = minimum winter temperature tolerated [°C], kDrTol = 
drought tolerance parameter [-], kNTol = nitrogen tolerance [-], kBrow = browsing sensitivity [-]. 

kName kDDMin kWiTX kDrTol kNTol kBrow 

Abies alba 650 6 0.23 3 5 
Larix decidua 350 -1 0.25 2 4 
Picea abies 350 -1 0.15 2 2 
Pinus cembra 350 -6 0.23 1 4 
Pinus montana 500 -3 0.37 1 3 
Pinus sylvestris 500 1 0.37 1 3 
Taxus baccata 1050 8 0.30 3 5 
Acer campestre 950 8 0.33 3 4 
Acer platanoides 850 10 0.25 4 4 
Acer pseudoplatanus 650 8 0.25 4 4 
Alnus glutinosa 750 11 0.08 4 1 
Alnus incana 500 7 0.16 1 1 
Alnus viridis 350 -6 0.16 2 1 
Betula pendula 425 9 0.25 1 2 
Carpinus betulus 950 9 0.16 3 3 
Castanea sativa 1050 10 0.33 1 2 
Corylus avellana 850 9 0.33 3 2 
Fagus sylvatica 850 9 0.25 3 2 
Fraxinus excelsior 850 8 0.25 5 3 
Populus nigra 750 12 0.16 5 2 
Populus tremula 425 9 0.25 1 2 
Quercus petraea 950 9 0.33 2 4 
Quercus pubescens 1150 9 0.41 1 4 
Quercus robur 1050 9 0.25 3 4 
Salix alba 650 12 0.08 5 2 
Sorbus aria 750 12 0.33 3 4 
Sorbus aucuparia 500 7 0.25 1 4 
Tilia cordata 750 8 0.33 3 4 
Tilia platyphyllos 850 8 0.25 4 4 
Ulmus glabra 850 11 0.16 5 3 
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Model versions 

The model versions differ with respect to the establishment probability, the species-specific 

light-dependent allocation to height vs. diameter growth, and the background mortality 

(factorial combination, see Table S1.2).  

For the model versions 11-14, establishment is allowed occurring more frequently than for the 

model versions 21-24, i.e. the maximum establishment probability parameter (kEstP) equals 

0.1 and 0.04 for the former and latter, respectively. Further, ForClim accounts for differences 

in the growth behavior between shade tolerant and shade-intolerant species, whereby the latter 

invest proportionally more into height than diameter growth, especially under low-light 

conditions (Lindner 1998, Rasche et al. 2012, Huber et al. 2018). This difference in the 

allocation of volume growth to height and diameter growth between shade tolerant and shade-

intolerant species is more pronounced for the model versions x1 and x3 (11, 13, 21 and 23) than 

for the model versions x2 and x4 (12, 14, 22 and 24). Lastly, the model versions x1 and x2 

apply a constant background mortality derived from species-specific maximum age (Shugart 

1984, Bugmann 1996), while the model versions x3 and x4 use a background mortality that 

increases exponentially with dbh (Huber et al. accepted). Compared to previously published 

ForClim simulations, all eight model versions applied in this study use (1) a re-parameterization 

of the maximum growth rate (kG) derived from a large set of individual tree-ring chronologies, 

(2) an alternative growth-reduction factor (GRF), which reduces growth under suboptimal 

conditions more strongly than the previously applied GRF, and (3) a revised establishment 

routine as introduced above (Huber et al. accepted).  

Table S1.2: Overview of model versions. kEstP: maximum establishment parameter. Growth allocation: 
difference in the allocation of volume growth to height and diameter growth between shade tolerant and shade-
intolerant species. 

Model 
version 

kEstP Growth allocation Background mortality 

11 
12 
13 
14 
21 
22 
23 
24 

0.1 
0.1 
0.1 
0.1 
0.04 
0.04 
0.04 
0.04 

pronounced 
less pronounced 
pronounced 
less pronounced 
pronounced 
less pronounced 
pronounced 
less pronounced 

constant 
constant 
increasing with dbh 
increasing with dbh 
constant 
constant 
increasing with dbh 
increasing with dbh 
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Forest strata 
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Climate data 

Figure S1.1: Climate change delta values relative to the reference period 1980-2009 for temperature and 
precipitation for the three climate change scenarios (A2.1 to A2.3) based on an A2 emission scenario (CH2011 
2011) for the five regions of Switzerland. CHNE: northeastern Switzerland, CHW: western Switzerland, CHAW: 
western Alps of Switzerland, CHAE: eastern Alps of Switzerland, CHS: Switzerland south of the Alps. 
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Management interventions 

We applied the management strategies derived by Bircher (2015) based on the 

recommendations by sylvicultural experts. Management interventions were simulated to 

reproduce �µbest management�¶ practices in Switzerland (Bircher 2015) and were defined per 

elevation zone and stand type (i.e., even-aged or uneven-aged). Across all elevations and 

management practices, the first intervention was scheduled in 2010 and 2020 for even-aged and 

uneven-aged stands, respectively (Bircher 2015).  

For even-aged stands, a thinning from above was applied all 12 years that reduced stand volume 

by at least 15% and included both tending and harvesting (Rasche et al. 2011). In addition, two 

even-aged strata with an average dbh of the 100 largest trees per hectare (ddom�����•�������F�P���Z�H�U�H��

classified as mature and cut completely in two interventions in 2011 and 2016. Subsequently, 

the same management regime was applied as for the other even-aged strata (Bircher 2015). 

Uneven-aged stands were managed in two different ways depending on elevation. For strata 

located at high elevations (i.e., within or above the high-montane elevation zone), a mountain 

�I�R�U�H�V�W�� �µ�S�O�H�Q�W�H�U�L�Q�J�¶�� �Z�D�V�� �D�S�S�O�L�H�G�� ���J�U�R�X�S�� �V�H�O�H�F�W�L�R�Q; Thrippleton et al. under revision). All trees 

�Z�L�W�K���D���G�E�K���•�������F�P���Z�H�U�H���U�H�P�R�Y�H�G���I�U�R�P���L�Q�G�L�Y�L�G�X�D�O���I�R�U�H�V�W���S�D�W�F�K�H�V���X�Q�W�L�O���D���W�D�U�J�H�W���Y�R�O�X�P�H���U�H�G�X�F�W�L�R�Q��

across all 200 patches was attained. The target volume reduction equaled 30% or 25% for strata 

within the high-montane and subalpine or for strata within the upper subalpine elevation zone, 

respectively. In order to account for differences in the growth potential, intervals between 

interventions increased in length towards higher altitude and equaled 25, 30 and 35 years for 

strata within the high-montane, subalpine and upper subalpine elevation zone, respectively 

(Bircher 2015). 

At lower elevations, uneven-aged strata were managed according to an individual tree 

plentering (single-tree selection; Rasche et al. 2011), where BA was obtained by removing trees 

�Z�L�W�K���D���G�E�K���•�������F�P���D�O�O���W�H�Q���\�H�D�U�V��(Bircher 2015).  
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APPENDIX S2: Extended results 

 

Table S2.1: Linear mixed-effects models for the relative changes in BA with respect to the reference period 1980-
2009 for the year 2200. The values of the dependent variable were averaged across one intervention period with 
the 2200 representing the central years. For the fixed effects, parameter estimates, standard errors (SE) and 
�V�L�J�Q�L�I�L�F�D�Q�F�H�� �O�H�Y�H�O�V�� ���
�
�
�� �3�� �”�� �������������� �
�
�� �3�� �”�� ������������ �
�� �3�� �”�� ��������) are given. For the random effects, the standard 
deviations (SD) are shown. Abbreviations of variables: kSlAsp = slope and aspect correction factor, reaching from 
-2 to +2 representing steep North-facing to steep South-facing slopes, respectively; SpInit = number of species at 
initialization; BAInit = BA at initialization; FSylInit = initial share of European beech; PAbiInit = initial share of 
Norway spruce; AAlbInit = initial share of silver fir. Strata managed according to the single-tree selection system 
(Appendix S1: Table S1.3) were excluded from the analysis. The results refer to model version 22.  

Variable Fixed effects  Random 
effects 

 Estimate SE Significance  SD 
BP      
Intercept 
WHC 
  Linear component 
  Quadratic component 
kSlAsp 
Elevation 
CC scenario 
  A2.2 vs A2.1 
  A2.3 vs A2.1 
SpInit 
BAInit 
FSylInit 
PAbiInit 
AAlbInit 
Residual error 

11.44 
 
8.95 
-3.95 
-3.51 
14.42 
 
-8.52 
-31.79 
-0.67 
2.69 
-2.73 
-15.83 
3.86 
 

2.07 
 
0.92 
0.86 
1.95 
2.53 
 
0.92 
0.86 
2.09 
1.93 
2.40 
2.31 
1.58 

**  
 
**  
**  
**  
**  
 
**  
**  
 
 
 
**  
* 

 9.79 
 
 
 
 
 
 
 
 
 
 
 
 
 
13.25 

IM       
Intercept 
WHC 
  Linear component 
  Quadratic component 
kSlAsp 
Elevation 
CC scenario 
  A2.2 vs A2.1 
  A2.3 vs A2.1 
SpInit 
BAInit 
FSylInit 
PAbiInit 
AAlbInit 
Residual error 

16.21 
 
4.16 
-1.87 
-2.81 
20.37 
 
-0.57 
-10.02 
-1.04 
0.22 
-1.17 
-4.12 
3.17 

1.51 
 
0.66 
0.58 
1.51 
1.98 
 
1.18 
1.18 
1.65 
1.46 
1.89 
1.87 
0.91 

** * 
 
** * 
**  
** * 
** * 
 
** * 
** * 
 
 
 
 
** 

 8.17 
 
 
 
 
 
 
 
 
 
 
 
 
 
8.48 
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Figure S2.1: Relationship between the relative change in residual and harvested basal area (BA) with respect to 
the BP simulations under the historic climate of the reference period 1980-2009. Results are shown for one model 
version (i.e., version 22) and the year 2200. For each stratum, 12 simulations are included (i.e., 3 climate change 
scenarios · 2 soil types · 2 simulation types). Pearson correlation between the relative change in residual and 
harvested BA equaled 0.96 (for strata managed for constant harvest intensity, i.e. mountain-forest plentering or 
thinning from above) and 0.71 (for strata managed for fixed residual BA, i.e. single-tree selection system). 

 

Figure S2.2: Changes in stand basal area (BA) per elevation zone for the three climate change scenarios (A2.1-
A2.3) with respect to the BP simulations under the historic climate of the reference period 1980-2009 for BP and 
IM. Results are shown for two time steps, i.e. 2070 and 2200, whereby model outputs were averaged across one 
intervention period with the years 2070 and 2200 representing the central years, respectively. The number of strata 
per elevation zone are: CO (colline): 6, SM (sub montane): 8, LM (low montane): 12, MO (montane zone of the 
Southern Pre-Alps): 4, UM (upper montane): 16, HM (high montane): 14, SA (subalpine): 8, US (upper subalpine): 
3. Results are shown for the model version 22.  
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Figure S2.3: Basal area (BA) and species composition in 2070 of the strata located in the colline elevation zone. 
Results are shown for the model version 22. A description of the strata is available in Appendix S1: Table S1.3. 
Species: PCem = Pinus cembra, LDec = Larix decidua, PAbi = Picea abies, AAlb= Abies alba, FSyl = Fagus 
sylvatica, PSyl = Pinus sylvestris, Tilia = Tilia sp., Querc = Quercus sp., CSat = Castanea sativa, other = other 
species.  
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Figure S2.4: Basal area (BA) and species composition in 2070 of the strata located in the sub montane elevation 
zone. Results are shown for the model version 22. A description of the strata is available in Appendix S1: Table 
S1.3. For the color legend, see Appendix S2: Fig. S2.3.  
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Figure S2.5: Basal area (BA) and species composition in 2070 of the strata located in the low montane elevation 
zone. Results are shown for the model version 22. A description of the strata is available in Appendix S1: Table 
S1.3. For the color legend, see Appendix S2: Fig. S2.3.  
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Figure S2.6: Basal area (BA) and species composition in 2070 of the strata located in the montane elevation zone 
of the Southern Pre-Alps. Results are shown for the model version 22. A description of the strata is available in 
Appendix S1: Table S1.3. For the color legend, see Appendix S2: Fig. S2.3.  
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Figure S2.7: Basal area (BA) and species composition in 2070 of the strata located in the upper montane elevation 
zone. Results are shown for the model version 22. A description of the strata is available in Appendix S1: Table 
S1.3. For the color legend, see Appendix S2: Fig. S2.3.  
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Figure S2.8: Basal area (BA) and species composition in 2070 of the strata located in the high montane elevation 
zone. Results are shown for the model version 22. A description of the strata is available in Appendix S1: Table 
S1.3. For the color legend, see Appendix S2: Fig. S2.3.  
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Figure S2.9: Basal area (BA) and species composition in 2070 of the strata located in the subalpine elevation 
zone. Results are shown for the model version 22. A description of the strata is available in Appendix S1: Table 
S1.3. For the color legend, see Appendix S2: Fig. S2.3. 

 

 

 

Figure S2.10: Basal area (BA) and species composition in 2070 of the strata located in the upper subalpine 
elevation zone. Results are shown for the model version 22. A description of the strata is available in Appendix 
S1: Table S1.3. For the color legend, see Appendix S2: Fig. S2.3.  
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Figure S2.11: Basal area (BA) and species composition in 2200 of the strata located in the colline elevation zone. 
Results are shown for the model version 22. A description of the strata is available in Appendix S1: Table S3. For 
the color legend, see Appendix S2: Fig. S3.  
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Figure S2.12: Basal area (BA) and species composition in 2200 of the strata located in the sub montane elevation 
zone. Results are shown for the model version 22. A description of the strata is available in Appendix S1: Table 
S1.3. For the color legend, see Appendix S2: Fig. S2.3.  
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Figure S2.13: Basal area (BA) and species composition in 2200 of the strata located in the low montane elevation 
zone. Results are shown for the model version 22. A description of the strata is available in Appendix S1: Table 
S1.3. For the color legend, see Appendix S2: Fig. S2.3.  
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Figure S2.14: Basal area (BA) and species composition in 2200 of the strata located in the montane elevation zone 
of the Southern Pre-Alps. Results are shown for the model version 22. A description of the strata is available in 
Appendix S1: Table S1.3. For the color legend, see Appendix S2: Fig. S2.3.  
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Figure S2.15: Basal area (BA) and species composition in 2200 of the strata located in the upper montane elevation 
zone. Results are shown for the model version 22. A description of the strata is available in Appendix S1: Table 
S1.3. For the color legend, see Appendix S2: Fig. S2.3.  
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Figure S2.16: Basal area (BA) and species composition in 2200 of the strata located in the high montane elevation 
zone. Results are shown for the model version 22. A description of the strata is available in Appendix S1: Table 
S1.3. For the color legend, see Appendix S2: Fig. S2.3.  



Chapter 4 265 

 

Figure S2.17: Basal area (BA) and species composition in 2200 of the strata located in the subalpine elevation 
zone. Results are shown for the model version 22. A description of the strata is available in Appendix S1: Table 
S1.3. For the color legend, see Appendix S2: Fig. S2.3. 

 

 

 

Figure S2.18: Basal area (BA) and species composition in 2200 of the strata located in the upper subalpine 
elevation zone. Results are shown for the model version 22. A description of the strata is available in Appendix 
S1: Table S1.3. For the color legend, see Appendix S2: Fig. S2.3.  
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Figure S2.19: Species change per elevation zone with respect to the reference species composition (Eq. 2). For 
the BP and IM simulations, the reference species composition represent the species composition projected under 
BP and IM under the historic climate of the reference period 1980-2009, respectively. Values > 0 represent an 
increase in BA of the respective species, while values < 0 represent a decrease in BA of the respective species. 
Results are shown for poor soils in the year 2200 and model version 22. Values of absolute species BA were 
averaged across one intervention period with the year 2200 representing the central year. For the number of strata 
per elevation zone, see legend Fig. 3. Species: PCem = Pinus cembra, LDec = Larix decidua, PAbi = Picea abies, 
AAlb= Abies alba, FSyl = Fagus sylvatica, PSyl = Pinus sylvestris, Tilia = Tilia sp., Querc = Quercus sp., CSat = 
Castanea sativa, other = other species. 
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Synthesis 

In this PhD thesis, I aimed to assess and increase the internal realism and consistency of process 

representations in the state-of-the art FGM ForClim to enhance the robustness of its projections 

for various fields of application. Specifically, these efforts were geared towards providing 

locally accurate assessments of the impacts of climate change over large areas, representing a 

current research frontier in FGMs and in Dynamic Vegetation Models (DVMs) in general 

(Shugart et al. 2018).  

To this end, I first conducted a sensitivity analysis to identify key parameters and processes that 

cause the largest variability in model output, with the overall objective to target model 

development efforts (Chapter 1). Because we expected that the relative process influence might 

not be constant over time but likely varies with site conditions, stand structure and species 

�F�R�P�S�R�V�L�W�L�R�Q�����,���H�Y�D�O�X�D�W�H�G���W�K�H���P�R�G�H�O�¶�V���S�D�U�D�P�H�W�H�U���V�H�Q�V�L�W�L�Y�L�W�\���R�Y�H�U���D���O�D�U�J�H���H�Q�Y�L�U�R�Q�P�H�Q�W�D�O���J�U�D�G�L�H�Q�W����

Furthermore, I compared results for monospecific and mixed stands at two system states in 

time, i.e. early and late succession, i.e. at a depth unprecedented by previous parameter 

sensitivity analyses of FGMs. 

Based on the insights gained in Chapter 1, I revisited and improved core process representations 

in the Chapters 2 and 3. In Chapter 2, I rigorously assessed the performance of the currently 

applied formulation for potential evapotranspiration (PET) and compared it to alternative 

formulations, against the backdrop of the following rationale: (1) the accurate representation of 

water limitations in DVMs represent an urgent research need in view of climate change (Cook 

et al. 2014, IPCC 2014, Allen et al. 2015); (2) ForClim turned out to be highly sensitive to 

water-related parameters across most of the European continent (Chapter 1); (3) the 

�U�H�S�U�H�V�H�Q�W�D�W�L�R�Q���R�I���3�(�7���L�V���D���P�D�L�Q���G�U�L�Y�H�U���L�Q���)�R�U�&�O�L�P�¶�V���Z�D�W�H�U���E�D�O�D�Q�F�H�������������O�R�Z���P�R�G�H�O���S�H�U�I�R�U�P�D�Q�F�H��

at high latitudes was suspected to be due to an overestimation of PET, a phenomenon described 

earlier (e.g., Fisher et al. 2011). In Chapter 3, I scrutinized the representation of the core 

processes underlying FGMs and the consistency of their interplay for diverse model 

applications (e.g., natural and managed forest dynamics, monospecific and mixed-species 

stands) and a wide range of site conditions, so as to address the multiple pleas that had been 

made in the literature to jointly revisit core processes (Bircher 2015, Hülsmann et al. 2018), and 
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because Chapter 1 pointed at a high sensitivity of ForClim to various of these processes. I 

applied a pattern-oriented modeling (POM) approach (Grimm et al. 2005) and developed a set 

of alternative process and parameter representations based on a diverse array of empirical data. 

I tested all combinations of the standard and alternative representations against multiple 

patterns observed from real forests (e.g., basal area, species composition). Based on the insights 

gained, I selected the most reasonable process and parameter representations and identified a 

set of meaningful versions that can be further tested and improved as well as simultaneously 

applied to explicitly account for uncertainties in model structure and parameters.  

Finally, I applied the revised model to project the development of typical managed Swiss forest 

stands until the end of the 22nd century and investigated the potential impacts of climate change 

on simulated basal area and species composition. I quantified and decomposed the uncertainty 

in these projections resulting from (i) climate change scenarios, (ii) local site conditions and 

(iii) structural model uncertainty, an aspect hitherto rarely taken into account in scientific 

studies. This allowed me to assess not only the climate sensitivity of the typical forest stands, 

but also the robustness of the projections. Moreover, this approach enabled me to provide a 

large-scale assessment (i.e., at the national scale) while at the same time accounting for drivers 

of small-scale forest dynamics, thus providing locally accurate projections that should be useful 

in forest management decision support. 

Below, I discuss important aspects and provide recommendations for further model 

development as well as general conclusions. Although I mostly refer to the FGM ForClim, most 

of these insights may apply to other FGMs and DVMs as well, because they all share a very 

similar basic structure and partly even the same process formulations (Botkin et al. 1972, 

Bugmann 2001, Larocque et al. 2016). 

Identification of key parameters and processes 

DVMs are complex ecological models featuring multiple interacting processes and a large 

parameter space (i.e., >500 in the case of ForClim, which is still one of the structurally simpler 

models in this domain). To target further model development efforts, it is essential to (1) 

improve the understanding of model behavior, (2) assess its consistency, and (3) identify key 

parameters and processes that have strong effects on model outputs. 
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As a first step (Chapter 1�������,���W�K�X�V���D�V�V�H�V�V�H�G���W�K�H���P�R�G�H�O�¶�V���S�D�U�D�P�H�W�H�U���V�H�Q�Vitivity at 30 representative 

sites across Europe, thereby widening the spatial scale of its application far beyond the range it 

was developed for, i.e. by including boreal and Mediterranean environmental conditions. The 

approach furthermore exceeded previous sensitivity studies in FGMs by addressing parameter 

sensitivity for different applications (i.e., monospecific and mixed-species stands) at two 

system states in time, i.e. early and late succession.  

This step proved to be of key importance, as it revealed that model sensitivity was not constant 

in time and space and differed between monospecific and mixed stands. While this likely 

reflects the differential influence of ecological processes on the dynamics of stand structure, it 

furthermore underlines the complexity inherent in FGMs. The most influential parameters were 

related to tree establishment, the water and light regimes, growth and temperature, whereby the 

relative parameter influence of the latter strongly varied with site climatic conditions. 

Moreover, model application across this large, environmentally heterogeneous area revealed 

that the model considerably underestimated the productivity of many species across large parts 

of their distribution range (apparent in unpublished simulation results for Chapter 1), thus 

pointing at structural shortcomings and parameterization problems. Although a high sensitivity 

of a parameter per se does not imply that process representations are inappropriate, it however 

points towards model parts that deserve particular attention for improving processes and 

parameter representations. Thus, these parameters and processes were considered in subsequent 

model analyses (Chapters 2 and 3), including (sub)model output verification and, if necessary, 

model development efforts (i.e., improved process and parameter representations). 

PET �± source of error or scapegoat? 

Since ForClim proved to be highly sensitive to water-related parameters across most of the 

European continent (Chapter 1) and the appropriate modeling of water limitations is very 

important in view of climate change (Cook et al. 2014, IPCC 2014, Allen et al. 2015), the 

representation of potential and actual evapotranspiration (PET and AET), as the main drivers 

of the water balance, were investigated in detail. A further reason for the focus on PET was the 

low model performance at high latitudes, which was suspected to be due to an overestimation 

of PET, a phenomenon described earlier (Fisher et al. 2011). Thus, we assessed the performance 

of the water module including the currently applied PET formulation, which is based on 

Thornthwaite and Mather (1957; TM), by confronting simulated with observed monthly AET 
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at forested FLUXNET sites (Baldocchi et al. 2001). Further, I compared its performance to 

alternative PET formulations, particularly the one by Priestley and Taylor (1972) featuring a 

higher degree of mechanistic detail. 

I found that AET is consistently under- or overestimated depending on the climate type, but 

independent of the PET formulation. I thus conclude that increasing the complexity of the PET 

formulation, e.g. by applying more mechanistic formulations, will hardly improve the estimates 

of water deficiencies at the annual scale in ForClim. My findings thus challenge the frequently 

raised critique of the TM formulation as being less accurate than other formulations (e.g., Fisher 

et al. 2011). In this context, it is important to know that Thornthwaite (and Mather) published 

several versions of their formulation (i.e., Thornthwaite 1944, Thornthwaite and Mather 1955, 

Thornthwaite and Mather 1957), whereof the latest form of 1957 is the one to be used. However, 

many studies comparing evapotranspiration methods (e.g., Xu and Singh 1998, Lu et al. 2005, 

Fisher et al. 2011) refer to earlier versions of the TM formulation (Black 2007), or even worse, 

citing Black (2007), �S�D�J�H���������������³Researchers and other authors (including hydrology texts and 

�L�Q�V�W�U�X�F�W�R�U�V�¶�� �Z�D�W�H�U�� �E�D�O�D�Q�F�H�� �Z�H�E�V�L�W�H�V���� �F�L�W�H�� �D�� �Y�H�U�V�Lon of the Thornthwaite and Mather Water 

�%�D�O�D�Q�F�H�� �«�� �W�K�D�W�� �W�K�H�\�� �G�R�� �Q�R�W�� �L�Q�� �I�D�F�W�� �X�V�H���� �R�U�� �W�K�H�\�� �F�U�L�W�L�F�L�]�H�� �W�K�H�� �U�H�V�X�O�W�V�� �E�H�F�D�X�V�H�� �R�I�� �N�Q�R�Z�Q��

inadequacies of the 1955 publication, but use the 1957 version, etc.�´�����7�K�X�V�����F�R�Q�I�X�V�L�R�Q���U�H�V�X�O�W�L�Q�J��

from the different versions of t�K�H�� �I�R�U�P�X�O�D�W�L�R�Q�� �³have clouded the results of research, 

management, educational publications ever since, resulting in frequent misunderstanding of 

�W�K�H���P�H�W�K�R�G�¶�V���X�W�L�O�L�W�\���D�V���Z�H�O�O���D�V���K�R�Z���L�W�V���U�H�V�X�O�W�V���F�R�P�S�D�U�H���Z�L�W�K���R�W�K�H�U���I�U�H�T�X�H�Q�W�O�\���X�V�H�G���P�H�W�K�R�G�V���I�R�U��

estimating evapotranspiration���´���7�K�L�V���V�W�D�W�H�P�H�Q�W���V�W�U�R�Q�J�O�\���V�X�S�S�R�U�W�V���R�X�U���I�L�Q�G�L�Q�J���W�K�D�W���W�K�H���7�0���3�(�7��

formulation should not be underappreciated. 

Furthermore, I found that the overestimation of PET (and thus drought-stress) at high latitudes 

in ForClim was due to an incorrect extrapolation of the TM formulation rather than issues with 

the formulation per se. This underlines the importance of revisiting the implementation of 

process formulations (referred to as 'implementation verification' in good modeling practice; 

Augusiak et al. 2014, Grimm et al. 2014). Moreover, the main source of uncertainty in drought 

estimation was caused by the water holding capacity (see Chapters 1 and 4), which underlines 

the crucial need for better high-quality belowground data at large scales (e.g., De Cáceres et al. 

2015).  

As a step forward, I recommend that more attention should be payed to forest-specific features 

in the context of the water balance (e.g., ground water availability, the relationship between 
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rooting depth and soil water storage, the timing of water uptake, and water storage in trees, see 

discussion Chapter 2) because most water balance models have been developed for agricultural 

applications, where these processes are of minor importance, thus representing another facet of 

�W�K�H���S�U�R�E�O�H�P���R�I���µ�D�S�S�O�\�L�Q�J���D���P�R�G�H�O���E�H�\�R�Q�G���L�W�V���R�U�L�J�L�Q�D�O���S�X�U�S�R�V�H�¶���� 

Diagnosing a complex disease 

In Chapter 3, I scrutinized the representation of the core processes light availability, 

establishment, growth and mortality at various sites as the main processes driving forest 

productivity and forest dynamics (Chapter 1). I rigorously tested the assumptions underlying 

the core representations as well as the consistency of their interplay for diverse model 

applications (including long- and short-term simulations, monospecific and mixed-species 

forests, natural and managed dynamics under a broad range of site conditions). A main finding 

was that the complex interactions between the core processes made the search for the reasons(s) 

of the continent-wide underestimation of productivity very challenging. Backtracking the 

different causal links within the model resembled an odyssey, which was however quite 

�L�Q�V�L�J�K�W�I�X�O���I�R�U���P�R�G�H�O���X�Q�G�H�U�V�W�D�Q�G�L�Q�J���D�Q�G���U�H�Y�H�D�O�H�G���N�H�\���L�Q�V�L�J�K�W�V���L�Q�W�R���D���µ�F�R�P�S�O�H�[���G�L�V�H�D�V�H�¶�����Z�K�L�F�K��

could, unfortunately, not be cured easily. 

�(�[�F�H�U�S�W���I�U�R�P���D���P�R�G�H�O���G�H�Y�H�O�R�S�H�U�¶�V���R�G�\�V�V�H�\ 

Similar to the ancient Greek myth, my development journey started with a seemingly 

straightforward task and a clear goal in mind, i.e. to address and rectify the frequent 

underestimation of growth in ForClim. I started the investigation with the light regime because 

it represents the core of DVMs as it determines the main driver for growing conditions of sub-

canopy trees (e.g., Feldmann et al. 2018, Rutenbeck et al. 2018). First, I reviewed the estimation 

of kA2 (allometric parameter for foliage weight), the most important parameter determining the 

light regime (Chapter 1). Yet, I found no reason to change the species-specific values of this 

parameter, as they matched empirically measured data very well. Second, I introduced the 

crown projection area (cpa) to account for direct light reaching the sub-canopy and eventually 

�W�K�H�� �I�R�U�H�V�W�� �I�O�R�R�U���� �D�Q�� �D�V�S�H�F�W�� �Q�R�W�� �F�R�Q�V�L�G�H�U�H�G�� �L�Q�� �W�K�H�� �µ�R�S�D�T�X�H�� �E�O�D�Q�N�H�W�¶�� �D�S�S�U�R�D�F�K��(Kimmins 2004; 

Chapter 3). As shown in Chapter 3, accounting for cpa led to better model performance because 

the growth of subcanopy trees was less restricted by shading. However, simulated light 

availability was overestimated considerably by the new process representation, thus indicating 
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�W�K�D�W���L�W���U�D�W�K�H�U���F�R�P�S�H�Q�V�D�W�H�G���V�K�R�U�W�F�R�P�L�Q�J�V���L�Q���R�W�K�H�U���S�D�U�W�V���R�I���W�K�H���P�R�G�H�O�V�����µ�J�H�W�W�L�Q�J���W�K�H���U�L�J�K�W���D�Q�V�Z�H�U��

f�R�U���W�K�H���Z�U�R�Q�J���U�H�D�V�R�Q�¶�����E�X�W���G�L�G���Q�R�W���U�H�S�U�H�V�H�Q�W���W�K�H���X�Q�G�H�U�O�\�L�Q�J���H�F�R�O�R�J�L�F�D�O���U�H�D�O�L�W�\���P�R�U�H���D�F�F�X�U�D�W�H�O�\����

Furthermore, few tall trees dominated the stand structure in long-term simulations whereas 

growth of the dominant trees was still underestimated considerably, especially in managed and 

predominantly even-aged planted stands that were used to assess model performance in  

Chapter 3.  

As a next step, I thus revisited the representation of the background mortality and the 

parameterization of the growth-rate parameter (kG). Based on the reasons outlined in Chapter 

3, I developed an alternative background mortality formulation and derived an alternative 

parameterization of kG based on a large set of individual tree-ring chronologies that was later 

checked and verified by tree-ring data from other sources (Maxime Cailleret, pers. comm.). The 

alternative mortality formulation led to more realistic stand structures in long-term simulations 

due to a higher mortality probability of very tall trees compared to the standard formulation 

(see Chapter 3), and the alternative kG parameterization improved the growth behavior of 

dominant (as well as sub-canopy) trees. Yet, the simulation of growth in FGMs is based on the 

�D�S�S�U�R�D�F�K���R�I���µ�F�R�Q�V�W�U�D�L�Q�H�G���R�S�W�L�P�X�P���J�U�R�Z�W�K�¶��(Botkin et al. 1972), which consists of two strongly 

interlinked steps, i.e., (1) the estimation of optimum growth (i.e., kG) and (2) the reduction of 

optimum growth due to several environmental constraints. Thus, it was not possible to revise 

the estimation of optimum growth (i.e., kG) without also addressing the second step, i.e., the 

reduction of optimum growth as well (i.e., GRF, see Chapter 3). 

Although based on these efforts model performance could partly be improved, the 

investigations further revealed that tree numbers were strongly underestimated in stands of 

shade-tolerant species (in particular European beech and silver fir), which led me to investigate 

the establishment routine. An examination of the establishment module indeed revealed that 

shade-tolerant species were subject to strong recruitment limitations (see Chapter 3). Moreover, 

it became apparent that the cohort concept - i.e. when growth is simulated for groups of trees 

of the same diameter and species instead of for each tree individually (Bugmann 1994) �± led to 

artefacts in simulated diameter distributions, stem numbers and basal area when planting was 

applied. This was the case because all planted trees were assigned to one cohort, and they were 

thus simulated to grow identically (in contrast to empirical evidence; Ammann 2004). Thus, a 

conceptually elegant simplifying assumption, which was unproblematic in the context of long-

term natural succession in uneven-aged stands, introduced a severe bias in model projections 
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when applied in another context (i.e., managed, even-aged forests). Constraining the cohort size 

(i.e., limiting the maximum number of trees per cohort) solved this issue and thus enhanced 

model performance for management applications (in particular for monospecific plantations). 

Overall, this �µ�G�H�Y�H�O�R�S�P�H�Q�W�D�O�� �R�G�\�V�V�H�\�¶���� �S�D�U�W�O�\�� �G�H�V�F�U�L�E�H�G�� �D�E�R�Y�H�� revealed that interactions 

between core processes are of utmost importance and that chasing from one process to the next 

while neglecting such interactions is not a promising way to go, although it appears to be the 

prevailing paradigm. I thus came to the conclusion that an alternative, more comprehensive 

model development strategy was necessary to address these challenges. 

POM �± �D�Q���D�S�S�U�R�D�F�K���W�R���D�G�G�U�H�V�V���µ�F�R�P�S�O�H�[���P�R�G�H�O���G�L�V�H�D�V�H�V�¶ 

T�K�H���µ�S�D�W�W�H�U�Q���R�U�L�H�Q�W�H�G���P�R�G�H�O�O�L�Q�J�¶���D�S�S�U�R�D�F�K���E�\��Grimm et al. (2005) appeared to be a promising 

strategy because POM uses various observed patterns (which contain information about the 

functioning and internal organization of complex systems) as a foundation to optimize model 

structure. Using this approach allows to systematically test alternative formulations and identify 

model versions that reproduce a diverse set of patterns best. Since these patterns should reflect 

multiple organizational levels and scales of the system of interest (Wiegand et al. 2003, Grimm 

et al. 2005, Grimm and Railsback 2012), POM is not only a suitable approach to assess the 

performance of individual process formulations but also the consistency of process interactions 

(Grimm et al. 2005). 

Thus, I applied a POM approach to analyze in a systematic and transparent way the behavior 

of different process formulations while accounting for process interactions. Furthermore, POM 

enabled me to consider different model applications simultaneously and thus to bridge various 

fields of model application as well as to compare model outputs with a broad set of patterns 

encompassing diverse forest characteristics at different temporal and spatial scales (Grimm et 

al. 2005)�����7�K�X�V�����3�2�0���S�U�R�Y�H�G���W�R���E�H���D���V�X�L�W�D�E�O�H���D�S�S�U�R�D�F�K���W�R���J�R���E�H�\�R�Q�G���W�K�H���W�\�S�L�F�D�O���µ�R�Q�H-process-

after-the-�R�W�K�H�U�¶���P�R�G�H�O���G�H�Y�H�O�R�S�P�H�Q�W���D�S�S�U�R�D�F�K�����<�H�W�����,���Z�R�X�O�G���O�L�N�H���W�R���V�W�U�H�V�V���W�K�D�W���W�K�H���E�H�K�D�Y�L�R�U���R�I��

process formulations (based on theoretical considerations) should always be accompanied by a 

thorough check of intermediate derivates, rather than focusing on final outputs only. For 

example, introducing the cpa approach or a snow module requires to not only focus on the 

resulting stand structure, but more importantly to also focus on the underlying light availability 

profile or the snow cover over the course of the year, respectively. Otherwise, there is a risk of 



276 Synthesis 

accepting an implementation that may be erroneous, but compensates for shortcomings in other 

processes (e.g., as shown for the light regime in Chapter 3). 

The setup of the POM assessment as applied in Chapter 3 was driven by the aim of identifying 

model versions that feature high generality (and thus high realism) and are thus applicable 

across a large environmental gradient and diverse model applications. However, it is 

worthwhile to note that the setup and grading system that I developed and used influenced the 

results of the POM assessment. Obviously, this is an issue for all model benchmarking exercises 

(Luo et al. 2012).  

Since I aimed at identifying model versions with high generality, I applied a strong negative 

penalty for unacceptably low performance. Moreover, I assessed all process and parameter 

representations, applications and study sites simultaneously instead of, for example, using a 

step-wise exclusion procedure to preselect among alternative formulations of one process or 

assessing model performance iteratively across sites and applications. Yet, any iterative 

�D�V�V�H�V�V�P�H�Q�W�� �S�U�R�F�H�G�X�U�H�� �Z�R�X�O�G�� �K�D�Y�H�� �F�R�U�U�H�V�S�R�Q�G�H�G�� �W�R�� �W�K�H�� �µ�R�Q�H-process-after-the-�R�W�K�H�U�¶��

development approach criticized above, and some formulations would have been discarded 

immediately (e.g, the alternative parameterization of kG) since they necessitated accompanying 

and simultaneous changes in other parts of the model due to process interactions.  

�$�O�W�K�R�X�J�K���W�K�H���µ�S�H�U�I�H�F�W�¶���P�R�G�H�O���G�R�H�V���Q�R�W���H�[�L�V�W���D�Q�G���V�H�Y�H�U�D�O���L�P�S�U�R�Y�H�P�H�Q�W�V���D�U�H���V�W�L�O�O���Q�H�H�G�H�G�����H���J�������V�H�H��

�V�H�F�W�L�R�Q�� �³Recommendations for further model development�´������ �P�\�� �H�I�I�R�U�W�V�� �U�H�V�X�O�W�H�G�� �L�Q�� �P�D�M�R�U��

model improvements that strongly enhance the performance of ForClim for various applications 

and site conditions, thus demonstrating that forest dynamics are represented more accurately in 

this model. 

Recommendations for further model development 

Based on the insights gained during this thesis, I will outline priorities for further model 

development and analysis in the context of the ForClim model. Although strictly speaking these 

recommendations refer to ForClim only, I am convinced that they may apply at a more general 

level to other FGMs and even the broad class of DVMs from stand to continental and even 

global scales, since these models share the same underlying conceptual framework inherited 

from the JABOWA model (Botkin et al. 1972, Bugmann 2001, Larocque et al. 2016).  
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Establishment 

Many FGMs including ForClim simulate establishment in a highly aggregated manner, i.e., 

they are typically considering neither the production, dispersal and germination of seeds nor 

the growth and mortality of seedlings and saplings (Bugmann 2001). Since establishment 

determines whether a species is present at a given site (Bazzaz 1979) and thus strongly 

influences forest structure and species composition (Grubb 1977, Kobe et al. 1995, Price et al. 

2001), various studies have provided suggestions for improving the representation of tree 

establishment in FGMs (e.g., Price et al. 2001, Wehrli et al. 2007, Cailleret et al. 2014).  

A main finding from Chapter 1 was the high sensitivity of ForClim simulation results to 

establishment-related parameters, thus rendering the accurate modeling of establishment a key 

research need. In spite of pleas nearly 20 years ago (Price et al. 2001), this has largely not been 

picked up by the scientific community due to various reasons, most of all data limitations 

(Bugmann 2001, Bircher 2015, Hülsmann et al. 2018). In Chapter 3, I scrutinized the 

representation of the establishment process as implemented in ForClim, which is strongly based 

on the original JABOWA approach, and I confronted it with a set of alternative formulations. 

These alternatives relaxed the recruitment limitation (Clark et al. 1999) at the level of the 

individual species that is inherent to the original formulation (Botkin et al. 1972, Bugmann 

1994), and they considered species interactions within the seedling and sapling layer (e.g., 

Rigling et al. 2013, Bílek et al. 2014). The alternatives thus represent approaches for combining 

an increase in ecological realism while maintaining the overarching level of aggregation, thus 

ensuring computational efficiency. 

The results of Chapter 3 clearly indicate that the alternative formulations are preferable over 

the standard formulation for diverse model applications across a wide range of site conditions. 

In line with the results of Chapters 1 and 4, they further suggest that assumptions on total 

sapling density strongly influence model projections. Specifically, shade-tolerant species are 

particularly sensitive to assumption on sapling density. This is due to the higher survival 

probability of shade-tolerant species under low light conditions compared to shade-intolerant 

species (e.g., Collet et al. 2008, Hobi et al. 2015). Thus, from a technical perspective of a FGM, 

a slight overestimation of sapling density may be less problematic than an underestimation, 

since a surplus of saplings will disappear due to high stress-induced mortality (cf., self-thinning; 

Westoby 1984), while there is no process in the model to compensate for an underestimation of 

sapling density. This mechanism also explains why an accurate estimation of overall sapling 
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density is likely to be more relevant than developing an elaborated routine for allocating 

saplings to individual species (see Chapter 3). Hence, I recommend focusing further research 

efforts on better understanding the processes that determine overall sapling density.  

Although the new structure of the establishment process considerably improved model 

projections (Chapter 3), more detailed analyses are needed to reduce uncertainties in the model 

structure and the parameter estimates. Based on the insights gained, I recommend focusing 

further model developments primarily on shade tolerant species, i.e. European beech, because 

they are most sensitive to the assumptions regarding establishment (see Chapters 3 and 4). In a 

mountain forest context, a logical next step would be to focus on the specific establishment 

conditions in high-elevation forests, i.e. to better represent the establishment inhibitions and lag 

phases (e.g., Kupferschmid and Bugmann 2005, Wehrli et al. 2007). These aspects are of 

particular importance for applied research questions in mountain forests that are not restricted 

to the Swiss case at all (e.g., Rüegg and Schwitter 2002).  

As stressed in Chapter 3, such efforts should not be undertaken independently of the remainder 

of the model. In particular, shading by the overstorey should be considered and verified 

simultaneously, since light conditions strongly determine the abundance and also the 

composition of tree regeneration (Grubb 1977, Kobe et al. 1995, Price et al. 2001). Over the 

past years, an increasing number of empirical studies on post-disturbance dynamics has 

emphasized the key importance of interactions between overstorey mortality and tree 

regeneration (e.g., Brang et al. 2015, Redmond and Kelsey 2018, Roccaforte et al. 2018, Fettig 

et al. 2019, Tardós et al. 2019) and furthermore provide a continuously increasing database for 

further POM-based model development. 

Growth 

While the new parameterization of the species-specific growth-rate parameter (kG) developed 

in Chapter 3 has a strong empirical foundation, this is not the case for either the formulation of 

the growth reduction or the allocation of volume growth into height and diameter growth within 

ForClim. Yet, the model has been shown to be highly sensitive to both processes, and revisiting 

these formulations revealed a high potential for improvement (Chapter 3). Therefore, I consider 

these aspects as key future development targets to further improve the accuracy and robustness 

of ForClim projections. 
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Reduction of optimum growth under suboptimal conditions 

To represent the annual diameter growth of individual trees, virtually all DVMs apply the 

�D�S�S�U�R�D�F�K�� �R�I�� �µ�F�R�Q�V�W�U�D�L�Q�H�G�� �R�S�W�L�P�X�P�� �J�U�R�Z�W�K�¶��(Botkin et al. 1972), where growth under 

(theoretical) optimum conditions is reduced by the effects of suboptimal conditions (Bugmann 

2001). Despite its conceptual simplicity, this approach faces two major challenges: (1) the 

estimation of optimum growth, and (2) the reduction of annual optimum growth due to several, 

simultaneously acting environmental constraints (e.g., light availability, soil moisture, nutrient 

availability, degree-day sum, crown length, etc.). Note that this latter problem is not merely a 

consequence of the annual time step of the model. It persists in DVMs that operate at the daily 

time scale, and thus enhancing the temporal grain of the model is not a solution. 

Optimum growth cannot be readily measured in the field because these conditions are 

practically never met in real ecological systems (Körner 2003). Furthermore, the growth 

reduction by individual environmental constraints as well as their conceptual combination in 

�W�K�H�� �I�R�U�P�� �R�I�� �D�Q�� �D�Q�Q�X�D�O�� ���R�U���P�R�Q�W�K�O�\���� �G�D�L�O�\���� �H�W�F������ �µ�J�U�R�Z�W�K�� �U�H�G�X�F�W�L�R�Q�� �I�D�F�W�R�U�¶�� �U�H�S�U�H�V�H�Q�W�V�� �D�� �S�X�U�H�O�\��

theoretical construct as well. Yet, the calculation of the annual diameter increment belongs to 

the core process formulations of FGMs and thus strongly drives simulation results (Chapters 1 

and 3). Furthermore, it strongly interacts with other processes, such as mortality or 

establishment, as shown in Chapter 3. 

It is thus highly surprising that the formulation of the growth reduction in FGMs and DVMs 

has not received more attention to date. While I was able to derive an alternative 

parameterization of the optimum growth rate parameter kG that is based on a large set of 

individual tree-ring chronologies, which led to more accurate growth patterns at the individual 

tree level, no comparable progress was possible for the case of GRF. Therefore, I recommend 

that further research should focus on the formulation of the growth-reduction factor (GRF). 

Although the alternative GRF introduced in Chapter 3 was found to be more appropriate, 

especially in combination with the alternative kG, it lacks both a theoretical and an empirical 

foundation. Moreover, results from Chapter 3 showed that diameter increment tends to be 

overestimated in situations where growth is constrained largely by one factor alone, i.e. when 

other factors are not limiting (e.g., suppressed trees growing under low light conditions in an 

otherwise favorable habitat). As shown in Appendix S1: Fig. S6 of Chapter 3, the multiplicative 

nature of the formulation allows for compensation effects that most likely are exaggerated. This 

results in an overestimation of diameter increment, and thus an underestimation of the stress-
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induced mortality. For example, this is problematic in dense stands of shade-tolerant species, 

since self-thinning cannot be captured adequately. This explains why the size-dependent 

background mortality formulation, which is assuming an increasing mortality risk with tree 

size, was not preferred over the constant background mortality that assumed a higher mortality 

probability for small trees. This finding reflected again the shortcomings of working with one 

process after the other.  

Thus, further investigations are needed regarding the growth-reducing factors and their 

combination into one single annual scalar. Exploiting the steadily increasing wealth of data 

provided by inventory and tree-ring records along environmental gradients could be highly 

fruitful in this context (e.g., Weber et al. 2013, Ojeda et al. 2018) and serve as a basis for generic 

model benchmarks (Rammig et al. 2015).  

Allocation of growth into height and diameter growth 

The light-dependent allocation of growth into height and diameter growth drives interspecific 

competition for light and has a strong and direct effect on basal area. Although the approach 

introduced by Rasche et al. (2012) for ForClim is theoretically sound, this concept features 

serious weaknesses, such as the strong underestimation of diameter growth of shade-tolerant 

species at the expense of height growth (see Chapter 3). This leads to a bias in model 

projections, which are most pronounced for mixed-species forests including European beech 

and silver fir (as discussed in more detail Chapter 3). 

The alternatives introduced in Chapter 3 had an exploratory character and are not meant to be 

reliable alternatives for the model because they lack a thorough derivation in their present form. 

�<�H�W�����W�K�H�\���D�U�H���X�V�H�I�X�O���W�R���L�Q�Y�H�V�W�L�J�D�W�H���W�K�H���S�D�U�W�L�W�L�R�Q�L�Q�J���R�I���K�H�L�J�K�W���Y�V�����G�L�D�P�H�W�H�U���J�U�R�Z�W�K���D�Q�G���W�K�H���P�R�G�H�O�¶�V��

sensitivity to this process. More detailed analyses and comparisons with empirical data (height 

and diameter measurements) of different species growing under various light conditions are 

needed. Moreover, using wood density to capture allocation into height vs. diameter instead of 

shade tolerance may be promising because wood density can be quantified better and does not 

need a discretization into tolerance classes. For revisiting the allocation of growth into height 

and diameter, I suggest to also assess the formulation proposed for maximum site-specific tree 

height (Rasche et al. 2012) because simulated maximum tree height can confound the allocation 

of growth into diameter and height growth if it is not adequate (see for example the simulation 

results for the sites Peitz and Soro in Chapter 3). Here, a wealth of available empirical data, e.g. 
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inventories (e.g., Keller 2011) or LiDAR data (Zellweger et al. 2019), could be exploited to 

better estimate potential tree height based on climate and soil conditions. 

To conclude, although tree growth has been a focal process of FGM and DVM development 

throughout the last decades (and received considerably more attention than other processes, 

e.g., mortality), its representation still deserves attention. Specifically, further efforts are 

necessary to provide a robust and empirically sound foundation for the formulation of tree 

growth. This does not necessarily mean that the structural complexity of the model needs to be 

increased; rather, I suggest that small, data- and theory-based changes have the potential for 

substantial improvements of model performance and robustness across multiple applications. 

In this context, the increasing data availability holds a huge potential for model improvements.  

Comprehensive POM Testbed 

In view of the steadily increasing scope of the applications of FGMs (Snell et al. 2014, Larocque 

et al. 2016, Shugart et al. 2018), I consider a comprehensive testbed that serves as a basis for 

the verification and analysis of model outputs as pivotal for future development efforts. The 

effect of each additional or alternative process or parameter representation on model outputs 

should be assessed systematically across the entire testbed. Thereby, unexpected interaction 

effects can be discovered, the understanding of the model behavior can be increased and 

potentially premature or even wrong conclusions can be avoided.  

I therefore suggest that a comprehensive FGM testbed should consist of a continuously growing 

database of test sites, which suit the following requirements: (1) cover the entire environmental 

gradient the model is applied to and (2) cover the whole set of applications the model is used 

for making projections (e.g., short- and long-term dynamics, managed and unmanaged forests). 

A key aspect thereby is that the testbed needs to be independent of the data used for model 

development (i.e., training and validation datasets; Foster et al. 2017). Given the long 

development period of DVMs (i.e., often several decades for most models), this is not a trivial 

but all the more important aspect. Considering the advantages of the POM approach, it is 

important to bear in mind that not every test site needs to contain data on the same forest 

characteristics, i.e. variables. Rather, a diverse set of patterns emerging from different 

hierarchical levels of the system of interest represents an opportunity to test the robustness of 

the model in a comprehensive way (Wiegand et al. 2003, Grimm and Railsback 2005, Augusiak 

et al. 2014, Keane et al. 2015).  



282 Synthesis 

In the context of ForClim, this PhD thesis provides a strong starting point for setting up a 

comprehensive POM testbed. On the one hand, Chapter 3 provides plausible ranges for various 

patterns of potential natural vegetation for the frequently used Swiss testbed sites (e.g., 

Bugmann 1994, Rasche et al. 2012). On the other hand, these testbed sites were further extended 

by a range of European sites of the PROFOUND database (Reyer et al. in prep.), including 

managed and predominantly planted monospecific stands.  

Model applications 

Most previous climate change impact studies have either focused on large scales (i.e., 

continental to global; Hickler et al. 2012) or on a small number of case studies at the stand scale 

(e.g., Mina et al. 2017). Therefore, substantial uncertainty remains regarding local impacts of 

climate change over larger areas (i.e., regions to countries), which is the scale of strategic forest 

management planning. Hence, the lack of information at this scale is particularly problematic 

for forest planning and the resulting operational management. 

With the model application in Chapter 4, I aimed at filling this gap by providing information 

over a large area while accounting for local drivers of forest dynamics. I was able to build on 

the approach developed by Bircher (2015), who defined strata based on stand-scale data 

representing typical forest stand structures in different regions and elevation zones of 

Switzerland. This allowed me to focus on major forest types without losing local information, 

and thus it represents an elegant way of upscaling. While the study by Bircher (2015) had 

focused on key ecosystem services, I focused directly on forest characteristics (i.e., basal area 

and species composition). This allowed for (1) the identification of those forest stands that are 

likely to be most prone to negative climate-induced impacts, (2) the analysis of changes in 

species composition, and (3) the identification of conditions for tipping-point dynamics. These 

insights were possible only due to the improvements achieved in the model structure and 

parameter estimates, especially with regard to model applications for managed mixed-species 

stands. Particularly, growth after management interventions and species composition, 

especially in beech-dominated stands, was simulated much more accurately, thus increasing the 

practical relevance of ForClim considerably.  

Although it had been claimed repeatedly that model projections should explore uncertainty 

ranges (e.g., Lindner et al. 2014), impact studies typically focus merely on the uncertainties 

arising from the choice of the climate change scenario (e.g., Fyllas and Troumbis 2009, 
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Manusch et al. 2014). Yet, as it became obvious in Chapters 1 and 3 and other studies (e.g., 

Bugmann et al. 2019), other sources of uncertainty have the potential to strongly influence 

model projections. First, assumptions on soil conditions are of utmost importance in this context 

because (1) water availability is a key factor for forest dynamics (Cook et al. 2014, IPCC 2014, 

Allen et al. 2015) and (2) parameter estimates of water holding capacity are related to 

considerable uncertainties because high-quality belowground data are scarce (e.g., De Cáceres 

et al. 2015). Second, assumptions on sapling densities are of key importance, particularly in the 

context of naturally regenerated forests (see Chapter 3 and Recommendations for further model 

improvements). Moreover, the growth reduction and the allocation of volume growth into 

�K�H�L�J�K�W���D�Q�G���G�L�D�P�H�W�H�U���J�U�R�Z�W�K���D�U�H���W�Z�R���µ�Z�H�D�N���S�R�L�Q�W�V�¶���L�Q���W�K�H���V�W�U�X�F�W�X�U�H���R�I���)�R�U�&�O�L�P���W�K�D�W���G�H�V�H�U�Y�H���I�X�W�X�U�H��

development efforts and confound the implementation of a more adequate mortality 

formulation (see Chapter 3 and Recommendations for further model improvements). Therefore, 

I used eight model versions to project the future development of typical Swiss forest stands for 

two soil types and three climate change scenarios, spanning a very wide range of the possible 

impacts of future climate. Specifically, these versions represent a factorial combination of 

different formulations with respect to the establishment probability, the species-specific light-

dependent allocation to height vs. diameter growth, and the background mortality. This setup 

allowed me to assess (1) the range of uncertainty in model projections, (2) the relative 

importance of the uncertainty source, and (3) the robustness of the projections. With this study, 

I thus provide an example how uncertainty sources other than climate change scenarios can be 

accounted for in climate change assessments, and why this should be done.  

DVMs have a high potential to provide science-based decision support for forest managers (i.e., 

information relevant to guide forest management planning in face of future climate change). As 

outlined previously and summarized in the review by Keane et al. (2015), DVM results are 

however frequently at either too broad or too fine resolutions, and therefore often miss the 

opportunity to support forest practitioners. By providing results per elevation zone and forest 

eco-region, my study follows the structure of NaiS �± Nachhaltigkeit und Erfolgskontrolle im 

Schutzwald �± used for the management of protection forests in Switzerland (Frehner et al. 2005) 

and other countries in central Europe (e.g., Maroschek et al. 2015). Furthermore, model 

projections were initialized with stand data and elevation- and forest-type-specific management 

routines were used to reproduce �µ�E�H�V�W���S�U�D�F�W�L�F�H�¶���P�D�Q�D�J�H�P�H�Q�W���L�Q���6�Z�L�W�]�H�U�O�D�Q�G�����:�L�W�K���W�K�Ls approach, 

the study thus provides results at a relevant scale for forest planning, e.g., inform forest 
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managers how stands in their respective elevation zone and ecoregion may be affected by  

climate change. Moreover, providing information on future changes in species composition, 

while explicitly accounting for interspecific competition (i.e., in contrast to species distribution 

models), is of central importance for forest planning. This is due to the fact that species 

composition represents a key aspect of the �µtarget states�¶�� ���L���H������ �G�H�V�L�U�D�E�O�H�� �I�R�U�H�V�W�� �V�W�U�X�F�W�X�U�H�� �D�Q�G��

composition that should be reached via forest management), which are used to derive 

management interventions from (Frehner et al. 2005, Temperli et al. 2012).  

In a heterogeneous landscape as Switzerland, where environmental conditions as well as 

management strategies and societal demands for forest goods and services vary over very small 

distances, the diversity of forest stands is enormous despite the comparably small area (Brändli 

2010). This also explains why the 71 strata identified by Bircher (2015) cannot fully represent 

all plots of the Swiss National forest inventory. Thus, from the view of a forest manager, further 

information at an even more local scale will be desirable focusing on the sometimes very 

specific forest structure and site conditions in their planning area. Notably, the improved 

ForClim is currently applied in this particular context, i.e. for providing a decision support on 

�W�K�H���L�P�S�D�F�W�V���R�I���F�O�L�P�D�W�H���F�K�D�Q�J�H���R�Q���W�K�H���I�R�U�H�V�W���D�U�H�D���R�I���W�K�H���µ�2�E�H�U�D�O�O�P�H�L�Q�G�N�R�S�H�U�D�W�L�R�Q�����2�$�.���¶���R�I���W�K�H��

canton of Schwyz, and will form the scientific basis of a corporate concept dealing with the 

impacts of climate change (Thrippleton et al. under revision). Thus, the efforts of this thesis 

will actually build the foundation for planning and decision support at a local level.  

Conclusions 

The utility of FGMs is increasingly recognized for assessing forest structure, carbon pools, 

species diversity and other ecosystem goods and services under climate change. Ongoing 

research is particularly characterized by using FGMs, which have typically been applied at the 

stand level, at increasingly larger spatial scales.  

This thesis has shown that the application of a model beyond its original purpose requires a 

thorough analysis and targeted model development to increase the consistency of process 

representations and to reduce the uncertainties in model projections. Sensitivity analysis has 

proved to be a good starting point to identify key priorities for further model development. 

Since the relative influence of model parameters depends on the simulation context, I conclude 

that the sensitivity of complex models should be analyzed for all system states of interest, since 
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inference gained from one state or site may be misleading when extrapolated to another state 

or site; unfortunately, this is not a standard practice in the community (yet). 

Despite the current trend towards inverse model calibration, this thesis demonstrates the 

importance of first assessing the consistency of the representations of the core ecological 

processes, rather than to embark in a sophisticated calibration exercise right away. Specifically, 

it is of key importance to consider the interactions between multiple ecological processes and 

�W�K�X�V�� �W�R�� �D�E�D�Q�G�R�Q�� �W�K�H�� �µ�R�Q�H-process-after-the-�R�W�K�H�U�¶�� �G�H�Y�H�O�R�S�P�H�Q�W�� �D�S�S�U�R�D�F�K���� �,�Q�� �W�K�L�V�� �F�R�Q�W�H�[�W���� �,��

demonstrated the advantages of the POM approach and the huge potential of large datasets for 

(1) refining process-�E�D�V�H�G���I�R�U�P�X�O�D�W�L�R�Q�V���W�K�D�W���K�D�Y�H���E�H�H�Q���S�D�U�W�O�\���G�H�Y�H�O�R�S�H�G���I�U�R�P���F�R�P�S�O�H�W�H�O�\���³�G�D�W�D-

�I�U�H�H�´���L�Q�W�R���G�D�W�D-informed, process-based formulations; and (2) deriving a comprehensive set of 

multi-scale patterns in space and time against which model performance can be tested. The 

POM approach clearly showed that substantial improvements of model performance across 

multiple patterns can be achieved by small, data- or theory-based changes to the formulations 

while not necessitating higher structural complexity but simply by representing core processes 

more realistically. Moreover, it allows for reducing parameter uncertainties, avoids overfitting 

and bypasses the need of site-specific model calibration prior to application. I thus conclude 

that the forest ecology community should make good use of the ever-increasing data availability 

and the POM framework to challenge the core processes of dynamic models in a holistic 

manner. 

This thesis provides a case study of a climate change assessment for Switzerland, covering a 

wide range of environmental conditions and accounting for drivers of small-scale forest 

dynamics, thus addressing the scale relevant for forest planning. It further demonstrates that 

impact assessments should not only consider uncertainties from climate change scenarios but 

also account for model uncertainties and small-scale drivers of forest dynamics such as local 

site conditions to provide robust projections of future forest dynamics. The insights from this 

thesis are furthermore relevant for other DVMs, especially for those that feature strong 

structural similarity with ForClim. Throughout the thesis, I presented an approach to improve 

the robustness, accuracy and generality of FGMs, and demonstrated how to upscale climate-

change impact assessments from the local to the national scale, which I believe are important 

steps in advancing the frontier of large-scale applications of FGMs.  
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