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Abstract

Purpose of Review

Forests are integral to global ecological stability, climate regulation, and economic resilience. They function as major carbon
sinks, act as biodiversity reservoirs, and provide ecosystem services. Accurately modeling forest growth is essential to predict
ecosystem responses to climate change and optimize ecosystem services. However, predicting forest growth remains challenging
due to complex interactions between ecological processes, external drivers like climate change, and intrinsic dynamics, such as
legacy effects and emergent properties, that influence forest responses over time.

This work offers a detailed examination of theories in forest growth modeling, with a focus on emergent approaches as imple-
mented in 18 forest growth models, which vary in their approaches and goals.

Recent Findings

Forest modeling requires a deep understanding of forest growth theories driven by multiple, often interacting, processes. Our
findings reveal distinct model clusters with varying process integrations and complexity, ranging from stand-level to terrestrial
ecosystem models. Additionally, we highlight the trade-offs between model detail and scalability.

Summary

Our review showcases multiple theories, such as Functional Balance, Local Determination of Growth, and Optimality Principles
of forest growth, thus providing a synthetic overview of the main frameworks for resource allocation in plants. As multiple
studies emphasize the importance of integrating different and recent theories to better capture growth dynamics, we build on a
state-of-the-art multi-modelling comparison to discuss what the implications of different theories might be at different temporal
and spatial resolutions. Finally, we explore how emerging technologies, such as machine learning, can enhance predictive

accuracy and help address current modeling limitations.
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Abstract

Purpose of Review

Forests are integral to global ecological stability, climate regulation, and economic resilience.
They function as major carbon sinks, act as biodiversity reservoirs, and provide ecosystem
services. Accurately modeling forest growth is essential to predict ecosystem responses to
climate change and optimize ecosystem services. However, predicting forest growth remains
challenging due to complex interactions between ecological processes, external drivers like
climate change, and intrinsic dynamics, such as legacy effects and emergent properties, that
influence forest responses over time.

This work offers a detailed examination of theories in forest growth modeling, with a focus
on emergent approaches as implemented in 18 forest growth models, which vary in their

approaches and goals.
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Recent Findings

Forest modeling requires a deep understanding of forest growth theories driven by multiple,
often interacting, processes. Our findings reveal distinct model clusters with varying process
integrations and complexity, ranging from stand-level to terrestrial ecosystem models.
Additionally, we highlight the trade-offs between model detail and scalability.

Summary

Our review showcases multiple theories, such as Functional Balance, Local Determination of
Growth, and Optimality Principles of forest growth, thus providing a synthetic overview of
the main frameworks for resource allocation in plants. As multiple studies emphasize the
importance of integrating different and recent theories to better capture growth dynamics, we
build on a state-of-the-art multi-modelling comparison to discuss what the implications of
different theories might be at different temporal and spatial resolutions. Finally, we explore
how emerging technologies, such as machine learning, can enhance predictive accuracy and

help address current modeling limitations.
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1. Introduction

Forests are pivotal in maintaining global ecological stability, ensuring economic security, and
regulating climate systems. They act as potential carbon sinks, support biodiversity, and
provide essential resources and services that sustain human and environmental well-being
(1,2). Understanding forest growth extends beyond basic ecological interest: it encompasses
economic, environmental, and social dimensions, as forests not only contribute to
biodiversity and serve as carbon sinks but also protect against natural calamities and support
multiple ecosystem functionalities (3,4). Changes in forest growth patterns serve as indicators
of forest health and potential ecological shifts, influence legacy effects, and help managing
disturbances (5). Thus, predicting these changes with high accuracy is imperative for reliably
studying future trajectories of forest dynamics and ecosystem functioning under climate
change (6,7). However, the ability of process-based models to accurately predict forest
growth has become increasingly challenging due to the intricate interplay of ecological
processes and the external factors that influence forest dynamics, particularly in the context
of climate change (8-10). Accurate process representation is critical for trustworthy
predictions, yet it is often hindered by the, still limited, understanding of key ecological
interactions and feedback (11,12).

Emergent and unpredictable patterns further complicate growth modeling as they arise when
multiple processes interact in unforeseen ways, leading to outcomes that cannot be easily
inferred by simply summing up individual effects. This complexity challenges the analysis of
forest growth sensitivity to climate change and underscores the need for a holistic modeling
approach (13,14). Early warning signals, crucial for anticipating transitions in forest health
and productivity (15-17), are often difficult to detect due to the subtle, nonlinear, and delayed
responses of forest ecosystems to stressors (18,19). Additionally, legacy effects — long-

lasting impacts of past climatic events, environmental conditions, or human interventions —
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add significant complexity to forest dynamics by influencing growth, resilience and recovery
through feedback loops (20-23). Climate-induced alterations, such as increasing
temperatures, changing precipitation patterns, and extreme weather events, can unpredictably
modify growth patterns, complicating the use of historical data for future predictions (7,9,24).
Despite such limitations, the scientific community offers a plethora of forest/vegetation
models, differing in assumptions and thus process implementation, which results in a
multitude of projections (see e.g., 25-28).

Currently, there is a tendency to promote highly mechanistically-based forest growth models
as several studies claim that they offer distinct advantages in predicting forest growth, thanks
to their foundation in conservation laws, monotonicity, and feedback mechanisms. These
features contribute to robust predictions in the context of non-stationary climate and changing
environmental regimes (29,30), as they are built on causal relationships, enabling them to
answer effectively to many scientific questions (9,31). Several studies have however proven
that despite the inherent process complexity, often the highly mechanistic models fail to
reproduce the most recent trends in growth decline and associated disturbance and climatic-
extreme related mortalities (32-34), thus highlighting the need to carefully consider
alternative modeling theories and process implementation in vegetations models.

This work provides a perspective on the consolidated and emergent theories for the last
decades and the evolution of forest growth approaches as implemented in a suite of 18,
different in nature, as representatives of the available forest growth models while
emphasizing the integration of theoretical paradigms and empirical data to enhance predictive
accuracy under climate change trajectories and increasing uncertainty. Furthermore, the paper
discusses the potential of emerging technologies such as the ones based on machine learning,
and interdisciplinary approaches in overcoming these challenges highlighting significant

opportunities for advancing forest growth predictions.
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This review is structured as follows: Section 2 overviews key grounding theories in forest
growth modeling, examining both foundational and contemporary approaches to growth
regulation at the tree level. Section 3 analyzes various modeling approaches, detailing how
different models represent growth dynamics, mortality, and regeneration across spatial and
temporal scales. Section 4 considers the implications of these theories for model selection,
assessing trade-offs in complexity, scalability, and ecological accuracy. Section 5 addresses
current challenges and limitations, including data constraints, computational demands, and
gaps in knowledge of specific processes. Section 6 concludes with future directions, focusing
on the potential for integrating machine learning with forest models to improve predictive
accuracy, adaptability, and ecological insights under climate change. Definition of words is

based on the glossary provided in the Glossary 1.

2. Theories of Forest Growth

Growth refers to the physiological process by which organs, single pools, entire plants or
communities increase their biomass because of increases in cell number, driven by the highly
coordinated activities of cell division, expansion and differentiation and their death (35). In
trees, growth is typically measured by the increment of the stem in volume, diameter, or tree
height with the growth rate often equated to the accumulated biomass at a given time (36).
Plant growth follows, in principle, an exponentially increasing curve which persists until the
plant's death (37). Under optimal environmental conditions, the rate of biomass accumulation
in trees increases continuously with tree size and the relative growth rate can peak at
approximately 1 g g™ week™ meaning the plant’s size could potentially double within a week
(38). However, at a relatively coarse spatial scale (e.g., stand and landscape), the net growth
concept is used, which considers not only the growth of e.g. single pools or individual trees

but also includes mortality (tree death) and recruitment (ingrowth).
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Growth in plants results from the inherently complex balance between the supply and the
demand of carbohydrate and nutrient substrates. This process is driven by feedback
mechanisms between supply and demand, making allocation a property of a system that
encompasses several distinct processes (39,40).

The development of forest growth models has historically been significantly influenced by
competing theories that focus on different aspects of forest ecology. For instance, the
‘Functional Balance’ theory refers to the equilibrium between the supply of resources for
growth and the need for proper functioning of plant tissues (41) and establishes a balance
between leaf and root activities. Changes in environmental factors or interventions like
pruning can disturb the functional balance, but plants generally respond by reallocating
resources to minimize limitations to growth (40,42).

According to the ‘Local Determination of Growth’ theory, growth patterns in plants are
adapted to optimize resource capture (43). This adaptation promotes efficient resource
capture by favoring the growth of parts of the plant that acquire limiting resources.

The ‘Optimality Principles’ theory suggests instead that resource allocation is driven by long-
term evolutionary trends and immediate short-term responses to seasonal physiological and
metabolic adjustments to environmental changes, which can influence their growth, survival
and reproduction (44). Lastly, the ‘Coordination’ theory proposes that growth is regulated by
the balance between distinct processes, coordinated by an internal mechanism in response to
changing external conditions. While focusing on immediate regulation, this theory does not
necessarily exclude the possibility that these mechanisms are aligned with broader
evolutionary and adaptability goals (40).

In the realm of growth modeling applied to trees, two main general approaches can be
recognized which are built on ‘photosynthetic’ and ‘non-photosynthetic’ growth process

representation (30,45) (Figure 1).
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At the center of the ‘photosynthetic-centric’ approach, the photosynthesis process controls
growth with growth resulting from the net balance between synthesized sugars and those lost
because of metabolic activity (i.e. autotrophic respiration). Ultimately, growth is considered
as the result of photosynthesis less the metabolic costs for synthesizing new tissues (growth
respiration) and for maintaining the existing ones (maintenance respiration; the well-known
‘Growth and Maintenance Respiration Paradigm’, GMRP; (46,47)) and the portion of non-
structural carbon (NSC) not used for biomass growth including sugars to mycorrhizas and
biogenic volatile organic compounds (48-50). These processes result in the synthesis of new
biomass and can be significantly influenced by environmental conditions such as
temperature, light, wind, and nutrient and water availability. The photosynthetic-centric
approach is adopted by models like: 3-PG (51), 3D-CMCC-FEM (52,53), GOTILWA+ (54)
4C (55), LANDIS (56), iLand (57), LPJ-GUESS 4.0 (58), GO+ (59), SEIB-DGVM (60),
FATES (61), HYBRID 4.0 (62) ED (63), and aDGVM (64).

At the leaf or canopy level, there are two main and common approaches to model
photosynthesis: a) the Light Use Efficiency (LUE) approach, which empirically estimates
photosynthesis based on the efficiency of converting absorbed light into biomass (65); and, b)
the biochemical model of Farquhar, von Caemmerer, and Berry (66), which mechanistically
incorporates factors like Rubisco activity and atmospheric and intercellular CO;
concentration (67).

Historically, most of the models integrated the sole photosynthetic-centric approach (both as
LUE or FVCB or intermediate versions of these two) emphasizing the source side, where
growth is viewed as a direct result of the carbon assimilated through photosynthesis. Theories
like the ‘Functional Balance’ and ‘Local Determination of Growth’ imply that without a
sufficient supply of photosynthetic products, growth cannot proceed efficiently, thus placing

the source at the forefront of the growth process.
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In contrast to the photosynthetic-centric approach, which primarily focuses on source-driven
models that emphasize the supply of carbon and nutrients as the key drivers of plant growth,
the ‘non-photosynthetic-centric’ approach offers a more nuanced understanding by
incorporating source-sink dynamics (30). This perspective recognizes that plant growth is not
solely determined by the availability of resources (such as atmospheric CO,, water and soil
nutrients), but also by the critical role of sink strength in regulating photosynthesis and
biomass allocation, particularly under varying environmental conditions (68). This approach
moves beyond simple carbon balance models by acknowledging that plants actively manage
resource acquisition and allocation between different organs (e.g. leaves, stems and roots)
based on both immediate physiological demands and long-term survival strategies (30,68
72). Non-photosynthesis-centric models such as ForClim and LandClim fall into this
category, as they do not simulate photosynthesis directly. Instead, population dynamics are
governed by ‘growth,” which is calculated without explicitly modeling the photosynthetic
process. These models account for physiological limits and the demand of various organs
(sinks) in regulating growth, especially under stress conditions via empirical relationships.
For example, ForClim operates at a lower complexity level, with simpler carbon allocation
mechanisms. However, these models are well-suited for capturing long-term forest dynamics
in stands or landscapes where resource limitations, such as water or nutrients, play a
significant role.

As an underlying theory to the non-photosynthetic centric approach, the Optimality theory
posits that plants optimize resource allocation to maximize net carbon gain while minimizing
physiological costs associated with photosynthesis and hydraulic maintenance (73). In this
perspective, plants optimize their growth by balancing the needs of these sinks with the

resources available, thereby implying that the sink could be the primary driver (45,74).
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This involves balancing trade-offs among carbon assimilation, water-use efficiency, and the
risk of hydraulic failure due to xylem embolism (75-77). In addition, recent studies highlight
how plants are optimizing agents that allocate resources to maximize long-term fitness
through strategic investments enhancing future resource capture, stress resilience, and
competitiveness. By incorporating economic principles into ecological modeling, the
maximum optimization provides a novel perspective on plant resource allocation strategies
under fluctuating environmental conditions (78,79). This theory brings the sink into focus,
suggesting that the demand from various plant tissues (sinks) for resources is what,
ultimately, drives growth.

The integration of the two primary approaches — photosynthetic-centric and non-
photosynthetic-centric — highlights a fundamental conceptual challenge that resembles the
classic "chicken-and-egg" dilemma. In the context of plant growth, this dilemma raises the
question: which comes first, the source (photosynthesis and carbon supply) or the sink (the
demand from growing tissues)?

This interplay between source and sink dynamics is not merely academic — it is crucial for
developing accurate models of plant growth. Just as the chicken-and-egg question forces us to
consider the origin of life cycles, these growth theories compel us to rethink the starting point
of the growth process: is it the photosynthetic carbon supply (the "egg") that initiates growth,
or is it the demand from growing tissues (the "chicken™) that governs how resources are
allocated, and growth is achieved? This debate is central to understanding plant growth
because it forces us to consider whether it is the availability of resources (like carbon from
photosynthesis) that primarily drives growth, or if it is the capacity of plant tissues to utilize
these resources (the sinks) that governs how resources are allocated and ultimately, how

growth occurs (80).
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3. Approaches to Model Growth in Forest Models

Models simulate forest growth through diversified approaches, each designed to capture
distinct aspects of growth dynamics. For instance, dynamic global vegetation models
(DGVMs) like LPJ-GUESS and SEIB-DGVM focus on global scale simulations by
incorporating large-scale climate-vegetation feedback and disturbances regimes, often
emphasizing biogeographical shifts across ecosystems and climate zones. Stand models that
belong to the forest succession gap model family, such as FORMIND (81) and ForClim (82)
focus on the simulation of forest dynamics by modeling the establishment, growth, and
mortality of individual trees or small patches of forest, emphasizing the effects of species-
specific traits and light-competition on growth patterns.

Stand-level models like 3-PG, 3D-CMCC-FEM and 4C offer a detailed mechanistic
representation of tree growth by simulating the interaction between tree physiology and
environmental variables at the single tree level and then extrapolate that at the landscape
scale, often focusing on a single species.

These models vary significantly in their complexity, spatial and temporal scales, and the
specific growth attributes they emphasize, such as stem diameter, height, productivity, or
overall biomass accumulation, as well as important processes like mortality and recruitment,
which together shape long-term forest dynamics. Each model comes with different degrees of
empiricism or mechanism that employ different theories (as the ones described in the
previous section) and methodologies to model forest growth.

In this section, process-based models were thus analyzed in more detail, in terms of their
ability to simulate key components and subcomponents of forest growth, which are critical
for understanding forest dynamics under various environmental and management conditions
to discern patterns in model design and functionality across different scales (stand, landscape,

terrestrial ecosystem) and to understand how these models align with specific research and
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management objectives. The components include aspects such as model structure, temporal
and spatial resolution, mortality processes, and allocation mechanisms, among others (Table
1). Our work is inspired by the dataset of process-based models by (83), highlighting the
various integrations of theoretical approaches to model forest growth and the impacts of
climate change. We reviewed a total of 18 well-documented models, ensuring a
representative sample that spans a variety of different modeling approaches (Table S1). The
criteria used to categorize these models, as shown in Table 2, include Spatial Scale, Temporal
Resolution, Growth Processes, Mortality and Establishment.

We conducted a hierarchical clustering based on the complexity of their modalities
corresponding to specific traits (Tables 2-3). The complexity of each trait’s modality was
assessed ordinally, focusing on both structural components and functional processes. The
results of this clustering are presented in Figure 2.

The final clustering is based on the complexity of various traits and modalities, which
represent the structural and functional components that each model employs to simulate
forest growth. The cluster map uses a color gradient to indicate the complexity of each trait
within the models, with darker colors corresponding to higher complexity levels.

The cluster map reveals three major clusters (See Figure 3), which correspond to different
levels of model complexity and operational scales.

The cluster map not only categorizes the models based on complexity but also highlights the
relationships between different traits and their influence on model functionality. For example,
there is a clear correlation between the temporal and spatial resolution of a model and its
overall complexity. Models with finer temporal resolution (e.g., daily updates) tend to have
higher complexity in modelling forest growth and are more likely to include dynamic
environmental interactions (e.g., LPJ-GUESS 4.0 and 3D-CMCC-FEM). Similarly, models

that operate at larger spatial scales (e.g., global) require mechanisms to simulate broader
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ecosystem dynamics (e.g., CLM-FATES and SEIB-DGVM). Models that include detailed
mortality processes, particularly those that account for stress and disturbance, are often more
complex and integrated with dynamic allocation processes. Importantly, the approach to
modeling photosynthesis significantly influences the model’s complexity and the modeling of
growth. Models that use mechanistic photosynthesis models are generally more complex, as
they require detailed input on environmental variables and a higher number of parameters

(e.g., GO+ 3.0, 3D-CMCC-FEM, FATES, LPJ-GUESS 4.0).

e 3.1. Cluster 1: stand-scale models

This cluster predominantly comprises stand-scale models that focus on localized, highly
detailed stand-level processes and forest dynamics. Operating at a single stand level with
minimal spatial complexity, these models emphasize individual tree or cohort growth. They
typically employ high temporal resolutions, using daily or sub-daily time steps to update tree
productivity, thereby capturing short-term variability over time; however, some forest gap
models operate on an annual time step. The approaches to photosynthesis modeling within
this cluster are diverse — ranging from empirical and semi-empirical to mechanistic methods
— resulting in varying levels of complexity across different models. Notably, these models
often include multi-species dynamics, enabling more accurate simulations of species
competition and succession in mixed forests (e.g., 3PGmix, 4C, and 3D-CMCC-FEM).
Mortality processes are frequently static, characterized by fixed background mortality rates
that do not dynamically respond to environmental stresses or disturbances (e.g., 3PG and
FOREST-BGC). Additionally, natural regeneration is generally not accounted for as an
independent process; at best, these models incorporate prescribed recruitment (e.g., (83);
CASTANEA (84) and SPA, (85). Consequently, while these traits render the models efficient

for specific, more intricate forest management scenarios — such as predicting growth in
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uniform or heterogeneous stands under stable or varying environmental conditions — their
spatial simplicity limits their applicability in geographically complex and heterogeneous
forest ecosystems (86-89). They typically lack integration of broad-scale environmental
processes and feedback mechanisms (e.g., hydrological cycles and disturbance regimes)

between the forest ecosystem and its surrounding environment.

e 3.2. Cluster 2: landscape-scale models

This cluster encompasses models that generally operate at the landscape scale, incorporating
a lower degree of spatial and temporal resolution compared to stand models, which makes
them suitable for simulating complex interactions across larger and more heterogeneous
forested areas. These models often include multi-species dynamics, allowing for more
accurate simulations of species competition and succession in mixed forests (e.g., TreeMig,
(90); and iLand, (91)). They frequently employ monthly or sub-monthly time steps for
environmental variables such as temperature and soil moisture, facilitating straightforward
projections. Unlike the models in Cluster 1, they include disturbance-related mortality
mechanisms in response to factors like drought, pests, landslides, and wildfires; for instance,
they can account for tree mortality caused by high-severity wildfires or simulate tree death
triggered by landslides or avalanches in mountainous regions, accurately modeling observed
mortality events (e.g., LandClim 2.0, ForClim 4.0.1, and FIRE-BGC, (92)). Additionally,
these models explicitly represent the establishment process, allowing for the inclusion of
demographic components (e.g., the LANDIS-1I and ForCLim models, but see also (93)).
However, they are characterized by a simplistic way of presenting the growth process, often
relying on empirical approaches to represent growth. Overall, these models are well-suited
for landscape-level analysis where interactions between different forest patches, species, and

environmental conditions must be considered (e.g., LANDIS-II for simulating forest
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succession and disturbance, and LandClim 2.0 for climate and wildfire interactions), striking
a balance between complexity and usability, and making them effective tools for regional

forest management and conservation planning.

e 3.3. Cluster 3: terrestrial ecosystem-scale models

The third cluster comprises models that operate at the terrestrial scale, characterized by high
complexity due to their simulation of large-scale processes such as biome shifts, land-use
changes, and long-term feedback between ecosystems and the global climate system —
critical for understanding forest dynamics at larger spatial scales. These models often employ
mechanistic approaches, integrating detailed process-based representations of photosynthesis,
respiration, and growth alongside the biophysics of the system, as they are frequently used as
boundary conditions for atmospheric models (e.g., the LPJ-GUESS and FATES models, but
see also CLM, (94) and ORCHIDEE, (95)). This enables them to simulate complex
interactions between biotic and abiotic factors across multiple spatial and temporal scales
(96,97). Similar to the models in Cluster 1, they exhibit high sensitivity to climate variables
like temperature and atmospheric CO; levels, incorporating sophisticated algorithms to
simulate the impact of changing climate conditions on forest growth and carbon sequestration
(e.g., see (98)). They utilize advanced carbon allocation theories, such as source-sink
dynamics and optimality principles, to distribute carbon and nutrients within the ecosystem,
allowing them to simulate how forests might shift growth strategies in response to
environmental stressors. The allocation processes are dynamic, often incorporating feedback
mechanisms that adjust growth allocation based on current environmental conditions and
resource availability (see Table 1 in (99) for a comprehensive review on the carbon allocation
strategies adopted by different models including those of the Cluster 3). Like the models in

the second cluster, they account for dynamic disturbance-related mortality processes due to
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factors such as fire, storms, and land-use change, enabling simulation of long-term impacts
on global forest carbon balance and biodiversity (e.g., the HYBRID 4.0, ED, and aDGVM
models). Operating at a global scale, these models incorporate data from various biomes and
climate zones, making them highly versatile and computationally intensive. While designed
for large-scale simulations focusing on broad processes like carbon cycling, nutrient
dynamics, and carbon-climate feedback, they necessarily simplify species-specific
parameterizations, resulting in the adoption of plant functional types rather than individual
species. Despite this simplification, they provide critical insights into how forests worldwide
will respond to different climate scenarios, aiding in the development of global

environmental policies and strategies for carbon management.

4. Modeling Theories and Implications for Model Selection

The complexity analysis of stand-, landscape-, and terrestrial ecosystem-scale models reveals
distinct trade-offs between model detail, computational demands, and ecological processes
represented.

Concerning the spatial scale of investigation, stand models are generally best suited for small-
scale closed systems, where external agents (e.g., biotic disturbance agents) and spatial
interactions across patches are not the primary focus. These models provide detailed growth
simulations but often neglect crucial demographic processes like seed dispersal and process-
based establishment routines, which are usually employed to analyze long-term stand
dynamics and highlight their utility in long-term ecological forecasting (e.g. ForClim,
FORMIND). At this spatial scale, however, modeling growth processes differs largely from
strictly empirical to highly mechanistic approaches.

Models such as 3PG, 3D-CMCC-FEM, and 4C use various approaches to simulate
photosynthesis, including the mechanistic FvCB model (66,100), the semi-empirical

Haxeltine and Prentice model (96,101), and the empirical LUE model (102,103).
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After accounting for the autotrophic respiration using either mechanistic representation (i.e.,
the GMRP approach, (46,47), an empirically constrained fixed-ratio approach (104-107) or a
mixed one (e.g., (108)), photosynthates are then allocated to different structural and non-
structural tree biomass pools. Including photosynthesis representation in dynamic vegetation
models enhances their capability to predict carbon fluxes comprehensively, but it also
introduces trade-offs. The FYCB model provides mechanistic accuracy, capturing detailed
responses to environmental changes at the cost of a high number of parameters to calibrate
and increases uncertainty ranges, while the LUE approach offers computational simplicity
suitable for large-scale, remotely-sensed driven, modeling applications. However, LUE can
oversimplify critical processes, such as plant responses to stress at increasing temporal
resolution and atmospheric CO; increases (the so-called ‘CO; fertilization effects’)

In contrast, landscape models, which offer a good balance between detail and utility, use
more simplistic approaches for growth but effectively model demographic processes such as
establishment and natural mortality, making them valuable tools for large-scale ecological
assessments (109). They are particularly effective in heterogeneous landscapes where species
interactions and environmental variability play significant roles.

Some of these models are not strictly centered on photosynthesis (e.g. TreeMig, LandClim),
and use in most cases empirical response curves to simulate forest growth without accounting
for the whole carbon balance of forest ecosystems which provides high efficiency in terms of
computation costs and enhances the model application across large spatial extents, although
results in coarser prediction in terms of tree growth (see Table 6 in (110) for a comprehensive
cross-checking of the carbon balance by different models).

Ecosystem models, which are the result of integrative research efforts such as global climate
modeling and policy development, are well-balanced in representing growth, mortality, and

establishment, but their high computational costs limit their scalability and real-time
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application. These models dynamically allocate photosynthates to different tree biomass
pools, guided by first principles such as in the ‘Pipe model’, ‘Resource Limitation’, and
"Functional Balance’, theories after accounting for growth and maintenance respiration, as
well as non-structural carbon, which is estimated only by some models in this category (e.g.,
LPJ-GUESS, SEIB-DGVM, and FATES) (see also (99)). This dynamic and responsive
process representation enables these models to simulate growth in a highly complex and
potentially more realistic manner.

Concerning the funding theories of forest growth modeling, the comparison between
photosynthetic-centric and non-photosynthetic-centric approaches in forest growth modeling
is reflected in the traits and modalities presented in Table 2 and the hierarchical clustering
shown in Figure 2. Despite the scale at which DVMs are employed, photosynthetic-centric
models, such as 3D-CMCC-FEM (stand) and LPJ-GUESS (global and landscape), focus on
carbon assimilation through photosynthesis as the primary driver of growth. In Figure 2,
models in Cluster 3, such as LPJ-GUESS and SEIB-DGVM, are characterized by high
complexity, dynamic carbon allocation processes, and high climate sensitivity. These models
are apt to predict growth under fluctuating environmental conditions by capturing the
intricate interactions between photosynthesis, plants’ respiration, carbon allocation, and
environmental factors. However, a key limitation of these models is their high computational
demand and potential oversimplification of sink dynamics, which may limit their ability to
simulate responses under severe stress conditions, such as drought.

5. Current challenges and limitations in forest models

Forest and terrestrial ecosystem models are essential tools in ecological modeling but
encounter significant challenges under climate change scenarios. These models frequently
fail to accurately predict growth in very heterogeneous environments (111,112) and detect

subtle or abrupt ecological shifts preceding major transitions due to their reliance on average
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conditions and deterministic equations, which obscure fine-scale variability, feedback loops,
and legacy effects. Consequently, they may miss early warning signs of ecosystem changes,
diminishing their utility in anticipating and mitigating adverse outcomes (15). Additionally,
historical environmental conditions and past management actions, which critically influence
current and future forest dynamics, are often underrepresented because of their complexity
and the scarcity of comprehensive historical data. Accurately capturing these legacy effects
necessitates more sophisticated and computationally intensive model structures. The
application of emergent constraints, which establishes explainable relationships between
current modeled and observable variables and predicted outcomes, has successfully reduced
uncertainties in climate models. However, when applied to vegetation and forest models, this
approach assumes that these relationships remain stable over time, potentially
underestimating novel climate dynamics and ecological feedback. Moreover, the limited
availability and quality of observational data across different biomes can skew future
projections, while the tendency to overfit models to present-day patterns may neglect outlier
scenarios and unprecedented ecosystem shifts (113). Furthermore, theoretical frameworks
such as ‘Optimality’ theory, which suggests that organisms adapt to maximize specific
benefits like energy or resource use efficiency, often do not align with empirical observations
(114-117). This discrepancy arises from multiple, conflicting constraints faced by organisms,
phenotypic plasticity, environmental variability, and biological and evolutionary limitations,
leading to suboptimal behavior in models. Plants must balance various demands, adjust
dynamically to changing conditions, and operate under non-equilibrium dynamics, all of
which challenge the strict predictions of optimality-based models. Additionally, unmeasured
or misunderstood factors, such as nutrient limitations and root interactions, further complicate
the accurate representation of plant behavior (118,119). In summary, while forest growth

models are invaluable for understanding ecosystem dynamics, their limitations under climate
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change stem from difficulties in detecting ecological shifts, inadequately representing legacy
effects, the pitfalls of emergent constraints, and the complexities of implementing theoretical
frameworks like ‘Optimality’ theory (13,120,121). Addressing these challenges requires
integrating fine-scale variability, comprehensive historical data, cautious application of
emergent constraints, and accommodating the complex, adaptive, and non-equilibrium nature

of ecosystems within the models.

6. Way forward and new opportunities with potential integration of Machine Learning
with forest models.

To address the challenges outlined in Section 5, we propose a comprehensive framework that
enhances forest growth models through three key improvements: advancing biogeochemical
process representation, optimizing parameter calibration, and enriching observational
datasets. Current models are constrained by reliance on detailed site- and species-specific
parameters (Cluster 1), high computational demands for large-scale applications (Cluster 2),
inflexibility due to stringent assumptions (Cluster 3), and complex calibration processes
(122,123). Our framework mitigates these limitations by leveraging advancements in
computational capabilities and integrating artificial intelligence (Al). By combining
mechanistic and machine learning (ML) approaches, we enhance predictive accuracy and
robustness, utilizing ML’s flexibility despite its requirements for extensive datasets and
challenges in explainability and extrapolation under stochastic conditions (124). We integrate
legacy effects and advanced theoretical frameworks, such as ‘Optimality’ theory, with ML
techniques to better capture complex ecological processes, enabling Al-driven models to
adapt continuously through learning from extensive datasets and real-time feedback. Modular
coupling allows ML to train sub-models within forest models, improving predictions of
species migration in models like TreeMig and aDGVM (125,126). Innovative calibration

methods, including real-time adaptive calibration and multi-objective optimization, utilize
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high-resolution remote sensing data and ML to enhance parameter accuracy and scalability,
thereby reducing uncertainties in projections such as gross primary productivity (127).
Sequential coupling and Physics-Informed ML (PIML) further refine model accuracy by
embedding ecological constraints within ML frameworks (31,128). Enriching observational
datasets through open data sources, citizen science, and ML-driven remote sensing upscales
point observations to continuous maps, enhancing model validation and calibration across
diverse ecological contexts (129-131). Sustained funding is essential to maintain and expand
these monitoring efforts, ensuring consistent long-term data collection and model

advancement.

6. Conclusions

The hierarchical clustering and cluster map analyses offer a comprehensive understanding of
the complexity and functionality of different ways to predict growth in different forest
growth/vegetation models. By examining the connections between traits and model
modalities, this study provides a description of the past and actual theories around the
“growth” and a framework for selecting and developing models that are best suited to address
specific forestry challenges, from local management practices to global ecological
forecasting. This detailed analysis underscores the importance of aligning model complexity
with the objectives of the research or management task at hand, ensuring that the chosen
models provide accurate and actionable insights into forest growth and their dynamics.

This perspective underscores the need for a dynamic approach to forest growth modeling that
embraces both theoretical and empirical dimensions. As we advance, the integration of
diverse data sources and theoretical frameworks will be crucial in developing future models
that are not only scientifically robust but also practically relevant in managing forests

sustainably in a changing climate.
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Glossary

e Forest growth model: a computational tool used to simulate the dynamics of forest

ecosystems over time, including changes in biomass, structure, and species
composition. These models represent processes such as tree growth, mortality,
regeneration, competition, and environmental conditions such as climate and nutrient

availability.

Photosynthetic-centric: refers to approaches and methods that consider photosynthetic

activity as the primary driver of the sink activity (tissue growth).

Non-photosynthetic-centric: refers to approaches and methods that consider growth as
a result of a source-sink coordination, where tissue growth (sink) is regulated by both
the availability of resources from photosynthesis (source) and environmental

constraints.

Spatial Scale: refers to the spatial resolution at which the model operates, whether it is

stand-specific, landscape-wide, or applicable to a terrestrial ecosystem scale.

Temporal Resolution: refers to the frequency processes representations within a

model, ranging from daily to decadal time steps.

Growth Processes: approaches used to simulate growth, such as the allocation
processes, photosynthesis models, and climate sensitivity (i.e. how growth responds to
changing climate variables like temperature, precipitation, and atmospheric CO,

levels)

Mortality: the process through which models simulate tree mortality, including stress-
related and disturbance-related factors. This process, also if not strictly speaking

refers to tree growth, controls community-level development and, therefore,
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community growth. For more details on linking tree mortality to tree growth cf.

Supplementary material, section 1.1.

e Establishment: the process that involves the probabilities that govern tree regeneration
and establishment within the model. Similarly to the mortality process, the
establishment process controls community-level development and, therefore, their
growth. For more details on linking tree mortality to tree growth cf. Supplementary

material, Section 1.1.
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923 Tables

924  Table 1: Overview of forest growth model traits. Each trait is linked to specific components

925 and subcomponents that describe how the models approach different ecological processes.

Trait component sub-components
roach to model productivit . .
model structure approach to model p y optimum equation, NPP
and growth
. nami fficients, carbon
model structure allocation SENTIE COEMTENSES, EENioe

balance, none

model structure

climate-sensitivity

temperature, CO,, WUE,
phenology, soil moisture

temporal resolution

time-step to model productivity

daily, monthly, annual

temporal resolution

time-step for environmental
influence

daily, monthly, annual

spatial resolution

scale

stand, landscape, global
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926

927

928

929

Table 2: Categorization of Forest Growth Models Based on Traits and Modality Complexity. Each trait is identified by a specific code and

prefix, linked to either the whole modeling system, spatial resolution, or growth. The categories include modeling approaches, species-specific

dynamics, and time-step intervals for productivity and environmental influences.

Category Trait name | Code | Prefix | Category Identifier
Modelling
Modelling approach MS_A system - Approach (A)
(MS)
; Modellin
0) Who',% m(?delllng system (after Dominant modelling concept MS C system ’ - Concept (C)
Merganicova et al. 2019)
(MS)
. . Modelling
;ig?frinclg s are species- or PET- ¥| S_SPF system - Species or PFT-specific (SPFT)
(MS)
Spatial Scale SC_SP Scale (SC) - Spatial Scale (SC)
Forest species composition SC SC  Scale (SC) - Species composition (SC)
1) Spatial resolution Forest vertical stratification SC VS Scale (SC) - Vertical stratification (VS)
Forest horizontal structure SC_ HS  Scale (SC) Horizontal structure (HS)
Forest age composition SC_ AC  Scale (SC) - Age composition (AC)
Time step for update of tree GR_TSU Growth Time Step
geometry TG (GR) (TSU) Tree geometry (TG)
2) Growth Time step for modeling of tree GR_TSU Growth Time Step
productivity _TP (GR) (TSU) Tree productivity (TP)
Time step for environmental GR_TSU Growth Time Step
influences _El (GR) (TSV) Environmental Influence (EI)
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GR_PM  Growth Photosynthesis modeling approach
Photosynthesis modeling approach A (GR) (PMA)
. o h . o
Autotrophic respiration GR_AR g%\n Autotrophic Respiration (AR)
. Growth .
Allocation GR_A (GR) Allocation (A)
Growth
Allocation processes GR_AP (GR) Allocation Processes (AP)
GR_SN  Growth Structural / Non-structural Carbon
Structural / Non-structural Carbon  SC (GR) SNSC (SNSC)
. Growth .
Photosynthesis model GR PM  (GR) Photosynthesis model (PM)
Growth
RT T T
Temperature CR_ (GR) emperature (T)
Growth . .
Soil moisture GR_SM (GR) Soil Moisture (SM)
Growth .
Nutrients GR_N (GR) Nutrients (N)
Growth
CO, GR_CO, (GR) Ca concentration (COy)
GR_WU  Growth
WUE E (GR) Water use efficiency (WUE)
Growth
Phenology GR_P (GR) Phenology (P)
Mortality
Background mortality MO BM (MO) Background Mortality (BM)
. Mortality
) WlatEllly Stress-related mortality MO_SM (MO) Stress Mortality (SM)
MO _D Mortality
Disturbance mortality M (MO) Disturbance Mortality (DM)
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930

931

932

933

934

935

936

937

938

4) Establishment

Modeling approach
Probability
Ingrowth threshold
Browsing

Seed production

Dispersal

ES_A
ES_P
ES_IT
ES B
ES_SP

ES_D

Establish
ment (ES)
Establish
ment (ES)
Establish
ment (ES)
Establish
ment (ES)
Establish
ment (ES)
Establish
ment (ES)

Approach (A)
Probability (P)
Ingrowth threshold (1T)
Browsing (B)

Seed Production (SP)

Dispersal (D)
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939

940

941

942

Table 3: Modality Complexity in Forest Growth Models, ranging from hybrid to mechanistic and empirical approaches. Our analysis covers traits

related to species-specific dynamics, spatial scales (globe, landscape, stand), forest structure (monoculture, multispecies), temporal resolution

(decadal to sub-daily), and the modeling approach (photosynthetic-centric vs. non-photosynthetic-centric). The table highlights how each trait's

complexity increases across modalities, providing insights into the trade-offs between model accuracy and computational demand.

Modality (complexity)

MOD1 | MOD2 | MOD3 | MOD4 | MOD5 | MOD6
Hybrid (1) Mechanistic (2)
Empirical (1) Process-based (2)
PFT-specific (1) Species-specific (2)
Globe (1) Landscape (2) Stand (3)
Monoculture (1) Multispecies (2)
Monolayer (1) Multilayer (2)
spatially implicit (1) spatially explicit (2)
Even-Aged (1) Uneven-Aged (2)
Decadal (1) Annual (2) Monthly (3) Daily (4)
Decadal (1) Annual (2) Monthly (3) Daily (4) Sub-daily (5)
Decadal (1) Annual (2) Monthly (3) Daily (4) Sub-daily (5)
Non-Photosynthetic-
centric (1) Photosynthetic-centric (2)
NA (no carbon balance)
0) Fixed coefficients (1) GMRP (2)
Fixed
NA (no carbon balance) coefficients (via  Dynamic

(©)

Fixed ratios (1)

Fixed coefficients (1)

Allometry and resource limitation (2)

allocation) (2)
Root-shoot
functional

coefficients (3)

Pipe model (4)

Source-sink model

®)
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No (0)

Empirical (response

curve) (1)

Response curve (e.g. to

DD) (1)
Semi-Empirical

(Response curve (e.g. to
SM or Drindex)) (1)

No (0)
No (0)

No (0)

T-controled (1)

Yes (1)

Empirical (LUE) (2)

Mechanistic (T-dependency of PS, R, ...) (2)

Stomatal conductance (2)

Empirical (Response curve) (1)
Empirical (Response curve) (1)

Response curve (1)

Eliophany (1)

balance (3)

Semi-Empirical
(Haxeltine &
Prentice) (3)

Mechanistic (3)
Mechanistic
(from soil
model/module)
)

CilCa (2)
Coupled
photosynthesis-
stomatal
conductance (2)

VPD (1)

Mechanistic
(Farquhar) (4)

Resource
limitation (2)

Parallel model (2)

Alternate model

(2)

Increasing with

Increasing with

Increasing with

Decreasing with
photosynthesis

No (0) Constant (1) age (2) size (2) age and size (2) efficiency (3)
Reserves depletion
Increment- Productivity- (Carbon
No (0) Threshold approach (1) related (2) related (2) starvation) (3)
No (0) Yes (1)
User defined
recruitment (1) Bernoulli (2) Poisson (2) Hurdle (2)
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943

944

945

946

947

948

949

950

951

952

No (0)

No (0)
No (0)

No (0)

No (0)

Random (1)

0<dbh<2cm (1)
Static (1)

Simple model (no masting) (1)

Single exponential kernel (1)

Rate (1)

Age class (1)
Dynamic (2)
Complex model
(W/ masting) (2)
Double
exponential
kernel (1)

Random,
modified by
environment (2)
50 <h<130cm
h <50 cm (1) (1)
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Figures

Plant growth

Photosynthetic-
centric Approach

2

Photosynthesis-
driven

A 4

Source-Driven
Growth

Figure 1: Conceptual representation of plant growth modeling approaches, modified after Kdrner (68). (a) The left panel outlines the
photosynthesis theories and their representation. (b) The right panel shows the interaction between "Environment," "Source Activity," and "Sink

Activity," showing a linear flow for the Photosynthetic-centric approach (in green) and feedback loops for the Non-Photosynthetic-centric

Non-Photosynthetic-
centric Approach

Source-Sink
Dynamics

Sink Strength
Regulates
Growth

Hydraulic and
Turgor-driven
Growth

Optimality
Theory

Resource and
Allocation
Optimization

Balancing
Carbon Gain
and Hydraulic
Safety

Environment

—>

Source activity

—) Sink activity

------ Sink control ====%

m— Source control ==

approach (in blue), with solid arrows for source control and dashed arrows for sink control.

o Source activity
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Enhancing Process Representation

!

(6) . Calibrating parameters with constraints

’,

Enhancing Observation Datasets

Figure 2: Proposed framework for enhancing forest growth modeling

Legacy effect and optimality theory integration
ML- driven modular coupling
Dynamic and real-time feedback from ML models

Real-time adaptive calibration using ML
Multi-objective optimization for trade-offs
Physics-informed ML (PIML) for constraints
Sequential coupling to reduce residuals and
capture anomalies

Extensive open data sources (LTER, ICP, ICOS)
Crowdsourced data and citizen science
ML upscaling via remote sensing
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Figure 3: Hierarchical clustering of 18 process-based forest growth models based on modality complexity. The clustermap illustrates the relative
complexity of different traits across the models, with color intensity representing the level of complexity (darker shades indicate higher
complexity). The models are grouped into three primary clusters: (1) Low complexity models, which primarily operate at the stand scale with
simpler structural components; (2) Moderate complexity models, which function at the landscape scale, incorporating more detailed spatial and
temporal processes; and (3) High complexity models, which operate at the global scale and integrate a wide range of dynamic environmental
interactions and sophisticated allocation processes. Key traits analyzed include spatial and temporal resolution, mortality processes, carbon
allocation, and climate sensitivity. This clustering helps to categorize models based on their suitability for different research and management

objectives, ranging from local stand management to global climate change forecasting.
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Supplementary materials

Modeling forest growth under climate change

Boukhris et al., 2024

1.1 Regeneration and Tree mortality

At a relatively coarse spatial scale (e.g., stand and landscape), the net growth concept is used,
which considers not only the growth of e.g. single pools or individual trees but also includes
mortality (tree death) and recruitment. Mortality and regeneration are integral to forest
growth modeling since these processes because their dynamics help simulate the full
dynamics of forest ecosystems and tree communities, directly has a direct influence on
influencing their growth and the overall forest structure (132,133). Accurately modeling tree
growth (Section 2), has instead direct and direct implications on implication to growth
dynamics, for instance the process of recruitment (via the allocation of resources to seeds
rather than woody structure) and mortality via (e.g. self-thinning or carbon starvation).
Including all these processes ensures that models can capture the cyclical nature of forests,
where growth is constantly balanced by tree death (mortality) and new tree establishment

(regeneration). Here’s why they are closely tied to growth modeling:

- Mortality as a Growth Regulator:
Mortality is not a separate process but a direct counterbalance to growth. As trees grow,
competition for resources like light, water, and nutrients increases, leading to stress-related or
disturbance-induced mortality. In growth models like ForClim (134), LANDIS-II (135), and
SORTIE (136), mortality is explicitly linked to growth conditions. If growth rates are high,

competition may lead to higher mortality as trees compete for limited resources. Conversely,
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low-growth conditions (e.g., drought or nutrient limitations) often result in increased

mortality to reflect the decreased ability of trees to maintain themselves under stress.

- Regeneration and Growth Potential:
Regeneration is essential for maintaining forest growth over time. Without the establishment
of new trees, forests would eventually decline as older trees die. Regeneration processes, such
as seedling establishment and sapling growth, directly influence forest composition and the
potential for future growth. Models like SORTIE (136) and LPJ-GUESS (58) incorporate
detailed regeneration rules that depend on environmental factors like light availability,
competition, and disturbance regimes. These processes determine the species that will

dominate the forest in the future, shaping long-term growth patterns.

- Growth-Mortality-Regeneration Feedback Loops:
Growth models use mortality and regeneration to create feedback loops that regulate forest
structure. For instance, high growth rates in early forest development phases can be followed
by increased mortality due to self-thinning, where trees die off as competition intensifies.
Regeneration also plays a critical role in these loops, as gaps created by mortality allow for
new seedlings to establish, fostering a new cycle of growth. Without integrating these
processes, growth models would overestimate forest biomass accumulation and fail to

represent realistically the ecosystem dynamics (137).
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