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1 Abstract

Climate change is increasingly impairing forest ecosystems in Europe, reducing tree vitality and
increasing mortality. Crown defoliation and stem growth are widely used indicators of early stress
responses, yet their drivers remain difficult to disentangle due to complex, non-linear interactions among

climatic, edaphic, and biotic factors.

Here, we apply explainable Al (XAI) to model annual diameter growth of individual trees from four
dominant European tree species (Norway spruce, Scots pine, Common beech, and Oak) using long-term
data from the ICP Forests Level Il network. Gradient-boosted decision trees trained on tree-level
attributes (e.g., defoliation, social class) and plot-level variables (e.g., soil solution chemistry,
atmospheric deposition, and topography) outperform linear baselines across all ablations and grouping
strategies. Ablation experiments show that plot-level features account for most of the predictive power

while defoliation contributes only marginally.

XAl analyses reveal strong non-linear, species-specific response regimes, including marked growth
reductions at high defoliation levels (~35-60%) and optimal regimes of nitrogen and sulphate
deposition, illustrating the capacity of XAl to identify candidate growth-relevant regimes and

interactions.

However, temporally explicit validation using tree-wise cross validation results in a 54% reduction in
R? score whereas spatially explicit validation based on plot-wise cross-validation leads to a near-
complete collapse in predictive performance, indicating strong reliance on both temporal and spatial
autocorrelation and context-specific patterns. Moreover, ablating defoliation features causes attribution
to shift toward correlated environmental variables, highlighting the role of proxying and statistical

confounding.

Overall, our results illustrate both the potential and the limitations of XAl for forest ecology: while
effective for screening large observational datasets and generating hypotheses, XAl outputs require

cautious interpretation, mechanistic understanding and spatially robust validation.



2 Introduction

Changes in weather patterns, especially large-scale droughts, act as a pre-conditioning factor for various
stress factors (Khaine and Woo, 2015), especially biotic disturbances (Sommerfeld et al., 2018). In
addition, abiotic disturbances like storms or droughts increase in frequency causing large-scale forest
mortality (McDowell et al., 2008; Seidl et al., 2017) and providing a breeding ground for insects as well
as ample fuel for forest fires (Leonardos et al., 2024). Additionally, droughts lead to reduced, growth
rates in many regions worldwide, particularly in temperate and boreal forests, where changing climate
conditions disrupt the delicate balance of factors influencing tree growth (Bose et al., 2020; Martinez

del Castillo et al., 2022; Silva et al., 2010).

Under the currently changing environmental conditions, tree growth has become one of the most
important integrating parameters of tree reaction and forest condition (Spiecker et al., 1996).
Understanding the multifaceted factors impacting tree growth and their intricate interactions (Etzold et
al., 2020) is crucial for effective forest management and conservation strategies (Augusto et al., 2025a;
Babst et al., 2013). These factors encompass not only climate variables but also soil conditions (Mark
A. Anthony et al., 2022; Augusto and Boca, 2022), competition for resources (Ratcliffe et al., 2017),
and anthropogenic influences such as pollution and land-use changes (Jonard et al., 2015). Identifying
and understanding these complex relationships is essential for predicting future forest health under a

changing climate and for developing adaptive management practices.

Artificial Intelligence (Al) approaches extend traditional mechanistic models of forest ecology (Liu et
al., 2018) by processing large heterogeneous datasets from satellite imagery (Otsu et al., 2023) and
ground-based sensors such as LiDAR (Saleh et al., 2024) to identify complex, non-linear patterns that
conventional analyses cannot readily extract. Machine Learning (ML) algorithms in particular can
uncover environmental thresholds and multi-factor interactions relevant to forest growth prediction and
management under changing climate conditions (Fatichi et al., 2019; Liu et al., 2018; Potkay and Feng,

2023).

However, classical ML methods often produce opaque predictions that are difficult to interpret or act

upon, and may capture spurious correlations or confounders, such as those arising from spatial



autocorrelation (Glele Kakai, 2024; Ploton et al., 2020). Interpretability of a predictive model depends
on its architecture. For simpler models, such as logistic regression, we can directly examine the model's
coefficients, which indicate how strongly each input variable influences the prediction. For tree-based
methods, we can compute feature importance scores, which rank the input variables by their overall
contribution to the model's decisions. In the case of neural networks, some architectures incorporate a
so-called ““attention” mechanism (Vaswani et al., 2017), which dynamically selects the most relevant
parts of the input data (e.g., specific words in a sentence) for each prediction. The resulting attention
weights can then be aggregated across multiple samples to understand which part of the input data are

more important to the model.

Explainability, on the other hand, refers to the ability to describe the decisions of an ML model in terms
that can be understood by humans. Shapley Additive Explanations (SHAP) (Lundberg and Lee, 2017)
gained a lot of popularity owing to its strong theoretical foundations in game theory and the availability
of a polynomial-time algorithm called TreeExplainer for tree-based models (Lundberg et al., 2020). It
also attracted some criticism regarding the validity and scope of its applicability, especially in the

presence of feature dependence and causal ambiguity (Marques-Silva and Huang, 2024).

In this study, we apply a ML approach to explore the factors influencing individual tree growth across
European forests, based on the ICP Forests Level Il monitoring network (Etzold et al., 2020; ICP
Forests, www.icp-forests.net). This network includes hundreds of intensively observed forest plots,
where tree growth, crown condition, and a wide range of environmental variables are systematically
measured since the 1990s. We focus on the four most widespread and ecologically and economically
important tree species in Europe: Norway spruce (Picea abies), Scots pine (Pinus sylvestris), Common
beech (Fagus sylvatica), along with the deciduous temperate Oak group, consisting of Sessile and

Pedunculate oaks (Quercus petraea and Quercus robur) and their hybrids.

We rely on a class of predictive models known as a gradient-boosted decision tree, implemented using
the gradient-boosting framework LightGBM (Ke et al., 2017). These models are well-suited to uncover
patterns in large and heterogeneous datasets, as they can flexibly capture non-linear relationships and

interactions between variables. To make the models more interpretable, we use the TreeExplainer



algorithm (Janzing et al., 2020), which helps identify the most influential environmental drivers behind

observed growth signals. Our focus is on predicting the growth of individual trees rather than that of

entire forest stands.

The key contributions of the paper are as follows:

Individual-Tree Growth Modelling: The novelty of our approach lies in the use of explainable
Al methods to predict relative growth rates of trees across four dominant European species
(Norway spruce, Scots pine, Common beech, Oak) at the continental scale, advancing beyond
traditional stand-level analyses (as e.g., performed by (Etzold et al., 2020)).

Explainable Al for Ecological Insight: We employ explainable Al (XAl) methods to rank and
interpret non-linear influences of both tree-level (e.g., crown condition, social class) and plot-
level (e.g., soil solution chemistry, atmospheric deposition, topography) features on tree growth.
Identification of Modelling Limits: To better understand the influence of different features,
we conducted comprehensive ablation studies. As an example, excluding crown condition
features reduced predictive performance by only 8%, while restricting features to tree-level
attributes resulted in a 76% performance drop. Furthermore, applying plot-wise cross-validation
resulted in an 89% decrease in R2, demonstrating that validation strategy is a primary
determinant of apparent model performance. This has direct implications for how XAl-based
forest monitoring tools should be designed, evaluated, and reported before operational
deployment.

Detection of Non-Linear Threshold Effects: We identified species-specific tipping point
patterns in defoliation (e.g., ~35% for Spruce) and nitrogen deposition (20-40 kg N/ha/yr for
Spruce and Pine) beyond which growth response becomes smaller, or even negative,
underscoring the necessity of non-linear modelling. This finding is also supported by the
significantly lower predictive power of linear models (weighted R? = 0.25) with respect to non-
linear models (weighted R? = 0.46). More broadly, the approach demonstrates its potential to
surface candidate threshold responses across species that can guide targeted monitoring and

hypothesis-driven follow-up.



e Hypothesis-Free Discovery of Novel Drivers: Leveraging the machine learning approach, we
propose novel hypotheses involving unexpected growth drivers — such as sulphate and
dissolved organic carbon deposition, and plot slope — that may compensate for defoliation
proxies. This illustrates the potential of X Al-based screening of large monitoring networks such
as ICP Forests to generate prioritized, species-specific hypotheses for follow-up mechanistic

studies and to identify variables deserving closer attention in future monitoring protocols.

Overall, the study is positioned at the intersection of methodology and application: where findings are
spatially robust or supported by mechanistic evidence from previous studies, we draw concrete
conclusions relevant to forest monitoring and management; where they are not, we demonstrate the
potential of the XAl framework to generate testable hypotheses that future studies, with broader spatial

coverage or experimental designs, can validate.

3 Materials and Methods

3.1 The ICP Forests dataset

The International Co-operative Programme on Assessment and Monitoring of Air Pollution Effects on
Forests (ICP Forests) is a scientific initiative under the auspices of the United Nations Economic
Commission for Europe (UNECE). Established in 1985, ICP Forests aims to monitor the spatial and
temporal variation of forest condition in Europe and to better understand the cause-effect relationships
between the state of forest ecosystems and natural as well as anthropogenic stress factors. The program
collects extensive data on forest condition, tree growth, soil solution chemistry, and atmospheric

deposition to understand tree health and forest vitality.

In the present study, we utilise data from the Level 1l network depicted in Supplementary Material
(hereafter SM, Figure 1), which features more extensive measurements than the spatially representative
Level I plots. As shown in Table 1, tree diameters are measured, normally every 5 years. In this study,
we focus on diameter growth over a so-called growth period, i.e., the period between two growth
censuses of each individual tree. To obtain a comparable spatio-temporal measure and patterns of growth

across tree sizes and period durations, we compute relative growth rates (RGR) by dividing the diameter



increase by the tree’s initial diameter and the duration of the period in years. We exclude growth periods
that are shorter than 4 years or longer than 6 years, or for which the tree reached a defoliation of 100%,
as such trees are considered dead. This ensures that standing dead and decaying trees are excluded from
the analysis. In order to account for potential biases of RGR (Pommerening and Muszta, 2016), models

are trained and evaluated on log-transformed RGR (see Section 3.3 for more details).

The condition of individual tree crowns is usually assessed each summer by highly trained experts, who
visually estimate leaf and needle defoliation in 5% steps from 0 to 100%. Defoliation is defined as the
relative loss of foliage compared to a hypothetical optimum level of foliation (Innes, 1998;
Eickenscheidt and Wellbrock, 2014, ICP Forests Manual Part 1V, 2020). In our study, a maximal period
of 3 years is allowed between two crown assessments, and the mean inter-census interval is about 1.2
years. For each growth period and tree, we build a feature vector of plot-level measurements (orientation,
slope, altitude, atmospheric conditions, soil solution chemistry) and tree-level assessments (crown
defoliation statistics). This feature vector is then used to perform model training (see Section 2.1 and
Table 1 of SM for a complete description of all features). As a result, the model predicts the relative

growth rate of an individual tree during a given growth period.

We exclude plots from the Level Il network for which no observation of tree growth or crown condition
is available, but other data can be missing for a subset of the features (see Table 1 for plot and tree
numbers). Indeed, tree growth and tree crown defoliation are among the most important indicators of
individual tree health and functioning (Bussotti et al., 2024). Tree-based models used in the study are
robust to missing data. However, linear models used as baseline (ElasticNet) apply the following
preprocessing steps for each fold, each fitted exclusively on the training data and applied to both train
and test sets: (i) features with more than 50% missing values in the training fold are dropped;
(ii) remaining missing values are imputed with the median of the training fold; (iii) features with near-
zero variance (below 1x107#) are removed; and (iv) all remaining features are standardised to zero mean

and unit variance.

Table 1: High-level overview of the survey data from Level Il network used in this study (excluding data excluded
by our pre-processing logic described in Section 1 of SM). For a complete list of parameters considered, see Table
1 of SM. We only consider plots with relevant species.



Survey Granularity Frequency # # trees Missing data
plots allowed?
Tree growth Tree-level every 5 years 494 97°258 | No
Crown condition Tree-level annually 382 21°471 | No
Atmospheric Plot-level every two 269 18’108 | Yes
deposition weeks
Soil solution chemistry | Plot-level every two 197 12°342 | Yes
weeks
Plot metadata Plot-level static 130 9291 | Yes

Additionally, we augment our data with site-specific condition attributes such as the average plot-wise
tree age, stand density index, long-term climatic rainfall and temperature data, building on the work of

Etzold et al., 2020.

The final dataset has 18’353 trees of four species spanning 23 years (from October 1993 to November

2016):

e Norway spruce (Picea abies): 7°833 trees and 14’455 growth periods.

e Scots pine (Pinus sylvestris): 5’515 trees and 9°298 growth periods.

e Common beech (Fagus sylvatica): 3’726 trees and 7’101 growth periods.

e Sessile & Pedunculate oak (Quercus petraea and Quercus robur): 1’279 trees and 2°596 growth

periods.

3.2 Data processing stages

Figure 1 depicts our data processing pipeline. We start from the raw data from ICP Forests described in
the previous section and perform a Data Preprocessing stage, which is described in Section 1 of the SM.
This phase produces so-called Processed data, which are, in turn, transformed by the Feature

Engineering stage. This stage aggregates all measurements for a given observation in a single vector



whose dimensions are candidate features (also covariates or predictors in the literature). In this phase,
we also remove outlier values based on domain knowledge and filter out observations that cannot be
used for model evaluation. This leads to a final dataset called Tidy data, which can be used for model

training and evaluation.

Raw data - ~ Processed data - ~ Tidy data
{ q N q A \
+ Database | Data Preprocessing + One combined and Feature Engineering + Every row is an
. sV « Exclude invalid cleaned dataset - Aggregate observations observation
datapoints. + Containing all into a single row. + The signal is
* Unstructured « Rename & clean text. the relevant * Create features (sum, carefully
| =Set data types. 5 signal but not __ | max, mean, ..). organised into
* Join tables. necessarily in * Remove outliers. features
* Run sanity checks. the most * Filter Ol.,lt irrelevant o feny el S 6
structured way observations. PN~
* Often t d
| e renn ;0 ;r‘u € | | * Ready for
\ /‘ or analysis - 4 analysis

Figure 1. Overview of the processing pipeline, from raw data to so-called tidy data, which are used for training,
cross-validation, and testing of the ML algorithms.

3.3 Model training and evaluation

For all results reported in this paper, we utilize the traditional Gradient Boosting Decision Tree (GBDT)
algorithm, implemented in LightGBM, with a systematic training procedure. Hyperparameter tuning
(i.e., finding the best model settings) is performed using Bayesian optimization provided by the Optuna
package, using the average out-of-fold, error-based coefficient of determination (R? score) as the
objective, equivalent to the Modelling Efficiency (ME) (Mayer and Butler, 1993). A detailed description
of the hierarchical cross-validation scheme used for hyperparameter tuning is provided in Section 2.4 of

SM. The value of selected hyperparameters is documented in Section 2.3 of SM.

A different model is trained for each species, but all are evaluated using the same procedure. We perform
a 5-fold cross-validation with three distinct grouping strategies: (i) grouping by tree identifiers without
temporal blocking (ii) grouping by tree identifiers with temporal blocking (see Section 2.4.2 of SM for
details) and (iii) grouping by plot identifiers. In the first case, we ensure that the model’s ability to predict
unseen trees, and second to predict unseen trees during unseen growth periods. The third evaluates its
ability to generalise to unseen plots irrespective of growth period — a stricter criterion, as it requires the
model to learn patterns that generalize to different geographical conditions. The best hyperparameters,
obtained from the inner cross-validation on the first outer training fold, are then used to train five models

on different folds to verify robustness.



Rather than predicting precise growth magnitudes, the model is trained to reproduce the relative growth
standing of individual trees within the empirical distribution —i.e., where a given tree-period observation
falls along the continuous spectrum of growth rates observed under comparable conditions. To this end,
we fit a three-parameter log-normal distribution to the training targets by maximum likelihood
estimation and transform each growth rate into its corresponding percentile rank under the fitted CDF
(see Section 2.2 of SM for details). While this transformation preserves rank order, it alters absolute
effect sizes. As a result, performance metrics should be interpreted as reflecting the model’s ability to
reproduce relative growth patterns rather than precise growth magnitudes. Unless explicitly stated
otherwise, all evaluation metrics are therefore computed in quantile space, and we refer to growth rate
as the quantile transformed growth rate unless explicitly stated otherwise. Model performance is
evaluated using R?, a standard measure of goodness of fit in regression, and root mean square error
(RMSE) presented in Section 4 of SM. Linear models are included as baselines to demonstrate the
advantages of gradient-boosting tree methods, with standard deviations reported across folds to assess
consistency. When evaluating goodness of fit across all species, we employ a weighted R? to account
for varying sample size across species (i.e., ensuring that each growth period contributes equally to the

overall metric).

3.4 Explainability using SHAP values

SHAP values estimate the contribution of individual features to the model predictions. In this work, we
use SHAP values as our primary mechanism of model explainability. An extensive description of the
method and its limitations is provided in Section 3.1 of the SM. We provide here only the most important

facts for the reader.

SHAP values enable us to decompose a model’s prediction into additive contributions from individual
features, such that the sum of all contributions equals the difference between the prediction and a
baseline (typically the mean prediction across the dataset). This provides both local explanations, for
single predictions, and global explanations, when aggregated across many samples to indicate overall
feature importance. Because our models operate in quantile space, SHAP values can be interpreted as

deviations in predicted growth quantile rank relative to the mean predicted quantile rank.



SHAP values are particularly useful because they capture not only the direct influence of features but
also their interactions, which can be explored with visual tools such as dependence plots. At the same
time, they must be interpreted with care. They describe statistical associations rather than causal effects,
and correlated features or dataset-specific artefacts can distort their attribution (Marques-Silva and
Huang, 2024). To address these limitations, we combine SHAP analysis with ablation experiments,
cross-validation, and expert interpretation to ensure a more reliable understanding of the model’s

behaviour.

Importantly, non-linear response patterns or tipping points identified in this study should not be
interpreted as unbiased statistical estimates of underlying physiological thresholds, but rather as
exploratory insights. Indeed, they reflect model-dependent response regimes that arise from the structure

of the learned decision rules.

Finally, when a model learns to substitute one feature with a correlated proxy, SHAP values for the
proxied feature may be strongly reduced or vanish altogether. While alternative attribution methods that
condition on feature dependencies offer partial remedies (Aas et al., 2021), they bring computational
challenges and introduce their own assumptions about the conditioning distribution; we therefore follow
the pragmatic mitigation strategy recommended for environmental Al applications (Schiller et al., 2025),
combining multiple ablation studies with cross-validation rather than relying on any single attribution
method in isolation. To assess the robustness of attribution patterns under such conditions, we analyse
SHAP values for two model variants: one including defoliation features and one in which these features

are excluded.

While SHAP supports the computation of pairwise interaction values (Lundberg et al., 2020), we
deliberately restrict our analysis to first-order attributions. Second-order SHAP interaction values scale
guadratically with feature dimensionality and exhibit substantially higher variance under feature
collinearity (Sundararajan and Najmi, 2020), both of which are concerns in this dataset. As we shall see,
first-order attributions are sensitive to feature set composition (Table 5), and extending post-hoc
interpretation to interaction terms would compound this instability without a corresponding gain in

mechanistic clarity. We therefore restrict our analysis to dependence plots as a sufficient and more



statistically robust tool for exploring interaction effects, consistent with best practices outlined in

(Lundberg et al., 2020).

3.5 Ablation studies

In contrast to SHAP values, ablation studies quantify the change in model performance when features
are removed. They are a classic technique in ML research to understand how different parts of a model
or input data contribute to its overall performance. By systematically adjusting model parameters, such
as features, we can evaluate which types of information are most important for making accurate
predictions. This kind of analysis is especially valuable for building trust in the model’s decisions and

for gaining insights into the underlying processes being studied.

In our case, we conduct ablation studies by comparing the model’s performance using four different sets

of features:

e All features: This includes all available features described in Section 2.1 of SM, encompassing
both individual tree characteristics and broader environmental factors.

e Tree-level features only: These features capture tree-specific information during each growth
period, including the tree’s diameter at the end of the period, various measures of defoliation
(minimum, maximum, mean, and median), and its social class—a metric reflecting competitive
status within the forest.

e Plot-level features only: These features describe broader environmental conditions that affect
all the trees on a forest plot uniformly, including geographic variables (altitude, slope, and
orientation), soil and deposition chemistry, stand density index (SDI), stand age, and average
climate conditions (temperature and precipitation) during the growth period. The plot’s latitude
and longitude are excluded to prevent the model from memorizing them directly.

e No defoliation: This set includes all features, except those derived from the crown condition

parameter, i.e., defoliation.

By isolating tree-level and plot-level features, we can determine whether the model depends more

heavily on individual tree conditions or on larger-scale environmental factors. Additionally, we compare



GBDT maodels with simpler linear regression models. This comparison enables a deeper understanding
of the benefits of complex non-linear techniques such as GBDT, but also their potential pitfalls, such as
the risk of overfitting and drawing erroneous conclusions from spurious correlations (Lapuschkin et al.,

2019).

Overall, ablation studies serve as a crucial step in validating our approach and deepening our
understanding of how different ecological factors influence tree growth. Such analyses are widely used

in machine learning to ensure that models not only perform well but also do so for the right reasons.

4 Results

4.1 Predictability of growth across trees and forest plots

R2scores from our study are presented in Table 2 (without temporal blocking) and Table 3 (with temporal
blocking), with a cross-validation by tree identifier in both cases. Our GBDT model with all features
achieves a weighted mean R? score of 0.46, which is the best performance across models and ablations.
Using the same initial set of features, the ElasticNet baseline — a regularised linear model that
interpolates between Ridge (L2) and Lasso (L1) penalties — sees a 45% reduction in weighted R? score
(R? = 0.25) with respect to GBDT. Performance variations are relatively homogeneous across species,

with a variation of up to -48% for Spruce, -46% for Pine, -31% for Beech and -49% for Oak.

Using tree-level features only (which mostly include defoliation parameters and social status) results in
a pronounced reduction of the model performance (R? score reduction of 76% from 0.46 to 0.11),
whereas using plot-level features only (such as soil solution or deposition) has a much milder effect on

performance (15% R?reduction from 0.46 to 0.39).

Removing defoliation statistics (no defoliation ablation) from the feature set has a very mild effect on
performance for both GBDT (6.5% R? reduction from 0.46 to 0.43) and ElasticNet (12% R? reduction
from 0.25 to 0.22). Section 4 of SM provides the same results using error-based metrics and an analysis

of residuals.

Table 2: R? test scores on 5-fold cross-validation grouped by tree identifier without temporal blocking for different
ablation studies on GBDT models and linear models, with different feature sets. Because trees from the same plot



can appear both in the training and validation data, the model may exploit spatial-scale patterns. Best scores for

each tree species are in bold and coloured in blue for GBDT and in green for ElasticNet.

R? test scores (mean = std) Weighted Mean R?

Spruce Pine Beech Oak
GBDT

05+0.01 |0.43+0.02|0.45+0.01 |0.37+0.06 | 0.46
(all features)
GBDT 0.47+0.02 | 0.41+0.02 | 0.45+0.01 | 0.35+0.07 | 0.43
(no defoliation)
GBDT 0.42+0.02|0.39+0.02 | 0.35+0.01 | 0.3+0.07 | 0.39
(plot-level features only)
GBDT 0.11+£0.01 | 0.07+0.01 | 0.15+0.02 | 0.08£0.03 | 0.11
(tree-level features only)
ElasticNet 0.26+0.02 | 0.24+0.01 | 0.31+0.02 | 0.19+0.04 | 0.25
(all features)
ElasticNet 0.2+001 |0.21+001|028+0.02|0.17+0.04 | 0.22
(no defoliation)
ElasticNet 0.19+0.01 | 0.2+0.01 |0.24+002 |0.15+0.04 | 0.2
(plot-level features only)
ElasticNet 0.09+0.01 | 0.05+0.0 | 0.13+0.02 | 0.07+0.03 | 0.08
(tree-level features only)

Temporal blocking has a large impact on performance, with a performance reduction of 54% in weighted
R? score for GBDT (all features) and a complete collapse to negative R? values for ElasticNet in all

ablations but tree-level features only (-25%, from 0.08 to 0.06).

Table 3: R? test scores on temporally explicit 5-fold cross-validation grouped by tree identifier for different ablation
studies on GBDT models and linear models, with different feature sets. Because trees from the same plot can
appear both in the training and validation data, the model may still exploit spatial-scale patterns. Best scores for
each tree species are in bold and coloured in blue for GBDT and in green for ElasticNet. The performance reduction
(in percent) with respect to Table 2 for the same ablation is shown below each weighted mean R2.

R? test scores (mean * std) Weighted Mean R?
Spruce Pine Beech Oak
GBDT 0.25+0.04 | 0.15+0.06 | 0.24+0.06 |0.12+0.17 | 0.21
(all features) -54%
GBDT 0.15+0.04 | 0.06+0.09 |0.23+0.06 |0.02+0.1 0.13
(no defoliation) -70%
GBDT 0.11+0.02 | 0.08+0.06 |0.18+0.09 |-0.2+0.24 |0.11
(plot-level features only) -12%
GBDT 0.09+0.03 | 0.01+0.02 |0.04+0.06 |-0.01+0.05|0.05
(tree-level features only) -55%
ElasticNet -0.01+£0.12 | -0.26 £0.29 | 0.06 £0.12 | -0.13+0.28 | -0.08




(all features) -132%
ElasticNet -0.06+0.1 |-032+0.33|0.01+0.14 |-0.18+0.23 | -0.14
(no defoliation) -164%
ElasticNet -0.06+0.1 |-032+0.32|-0.01+0.15|-021+0.2 |-0.14
(plot-level features only) -170%
ElasticNet 0.08+0.02 | 0.05+0.02 | 0.05+0.04 | 0.06+0.02 | 0.06

(tree-level features only) -25%

R? test scores on 5-fold cross-validation plot-wise grouping show a collapse in predictive accuracy of
both ElasticNet (-112% reduction in R? score from 0.25 to -0.03) and GBDT (-89% reduction in R? score
from 0.46 to 0.05). Spruce is the only species for which the R2 score exceeds one standard deviation
above zero for GBDT models (Table 4). Similar drops in predictive power are observed when using

tree-level features only (not shown in Table 4).

Table 4: R? test scores on spatially explicit 5-fold cross-validation (i.e., grouped by plot identifiers). Best strictly
positive score for each species is indicated in bold. The performance reduction (in percent) with respect to Table
2 for the same ablation is shown below each weighted mean R?.

R? test scores (mean * std) Weighted Mean R?
Spruce Pine Beech Oak
GBDT 0.12+0.08 [ 0.04+0.15 |-0.01+£0.32 | -0.11+£0.17 | 0.05
(all features) -89%
ElasticNet | -0.02 +0.15 | -0.01 £ 0.02 | -0.06 + 0.10 | -0.13 £ 0.18 | -0.03
(all features) -112%

4.2 Explained drivers of tree growth

Figure 2 depicts the feature importance for each species, along with the weighted mean across species.
The feature importance is quantified by the mean absolute SHAP value across the entire dataset,
representing the impact of individual parameters on growth. The figure represents the results for two
feature sets: the GBDT model using all features and the GBDT model without defoliation features. In
the remainder of the paper, we shall only refer to the results obtained using the GBDT. The model relies
on different statistics of defoliation across the growth period: mean, maximum and median defoliation.
Mean defoliation ranks as a key feature for all species (#1 for Spruce, #3 for Pine, #6 for Beech, #2 for
0Oak), but maximum and median defoliation are also used by the model (ranks #9 and #10 on average,

respectively).



Ablating defoliation features causes a mere 6.5% reduction in R? (from 0.46 to 0.43, see Table 2). The
largest variations in (ranked) importance upon ablating defoliation features are listed in Table 5: (i)
deposition of conductivity for Spruce (rank 15 to 5) (ii) soil solution of total nitrogen (N) for Pine (rank

32 to 7) (iii) Plot slope for Beech (rank 2 to 1) (iv) deposition of sulphate (SO4) for Oak (rank 13 to 6).

Some patterns hold regardless of the presence of defoliation. Features such as social class, stand age,

slope, and precipitation remain in the top-5 features in both cases.

a) Feature importance (GBDT, all features) b) Feature importance (GBDT, w/o defoliation)

(1) Min. social class (1) Min. social class

(2) Mean defoliation (2) stand age

(3) Stand age (3) Plot slope

(5) Plot slope (4) Cumul. precipitation

(4) cumul. precipitation (5) Dep. alkalinity

(8) Dep. pH
(9) Max defoliation PP

(6) Plot altitude
(7) Dep. alkalinity
(10) s.s. sulphate (S04)
(6) Median defoliation
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Figure 2: Feature importance for each species-specific model and the weighted mean across models, ordered by
the weighted mean feature importance. The global rank (from the weighted mean) is prefixed to each feature name.
Error bars indicate standard deviation across folds. Only features with a mean importance >0.01 or that belong to
the top-8 for any species are shown (refer to Section 2.1 of SM for complete list). a) Feature importance for GBDT
model using all features. b) Feature importance for GBDT model excluding defoliation features. Note that rankings
and absolute magnitudes in panel (b) are not directly comparable to panel (a): ablating defoliation features both
alters the model fit and redistributes SHAP mass toward correlated predictors, so apparent increases in importance
for individual features may partly reflect this redistribution rather than an intrinsic increase in their explanatory
role. Note the abbreviations: soil solution (S.s.), deposition (Dep.), stand density index (SDI) and dissolved organic
carbon (DOC).

Table 5: Top 3 variations in feature importance and rank per species for GBDT models trained with all features
(All) and no defoliation (No Defol.) features. We exclude features that do not reach the top 10. Note the
abbreviations: soil solution (S.s.), deposition (Dep.).

Species | Feature Rank Feature importance | Variation
All ‘ No Defol. | All No Defol. SHAP | Rank




Spruce | Stand age 3 1 2.1% 3.7% | 1.5% | +2
Spruce | Dep. cobalt (Co) 6 3 1.8% 23% | 0.5% | +3
Spruce | Dep. conductivity 15 5 0.8% 1.3% | 0.6% | +10
Pine Min. social class 6 3 1.2% 20% | 0.9% | +3
Pine S.s. nitrate (NO3) 16 5 0.6% 15% | 0.8% | +11
Pine S.s. total nitrogen (N) | 32 7 0.3% 0.9% | 0.7% | +25
Beech | Plot slope 2 1 3.3% 56% | 2.3% | +1
Beech | Min. social class 1 2 4.7% 54% | 0.7% | -1
Beech | Stand age 3 3 2.2% 35% | 13% | =0
Oak Dep. pH 4 2 1.7% 23% | 0.6% | +2
Oak Cumul. precipitation | 18 4 0.7% 15% | 0.8% | +14
Oak Dep. sulfate (SO4) 13 6 0.8% 1.3% | 0.4% | +7

4.3 Dependence analysis and non-linear effects

One of the primary benefits of local explanations provided by SHAP values, as opposed to global feature
importance, is that one can inspect the variation of the dependence across feature values. The first
observation is that both Spruce and Pine are strongly affected by defoliation variations: low mean
defoliation values are associated with up to +7 percentile ranks increase relative to the dataset mean,
whereas mean defoliation exceeding 60% is associated with shifts as low as —14 percentile ranks (Figure
3). Furthermore, Spruce exhibits a strong non-linear dependence on both average and maximum
defoliation, with a marked downward shift beyond approximately 35% mean and max defoliation. A
similar, albeit of lower magnitude, uptick for very low defoliation values is observed for Beech and Oak.

For Oak, a first drop at ~20% defoliation and a second one at ~40% mean defoliation was observed.



Feature
— Mean defoliation (p)
104 101 Mean defoliation (95p)
Max defoliation (p)
Max defoliation (95p)

Spruce Pine

NerEffect

SHAP value [percentile rank %]

SHAP value [percentile rank %]

-104 _/\/
—15 4 —151
T T T T T T T T T T T T
0 20 40 60 80 100 0 20 40 60 80 100
Defoliation (mean/max) [%] Defoliation (mean/max) [%]
Beech Oak
10 1 10 1

-10 4

SHAP value [percentile rank %]
SHAP value [percentile rank %]

=15 4 =154

T T T T T T T T T T T T
0 20 40 60 80 100 0 20 40 60 80 100
Defoliation (mean/max) [%] Defoliation (mean/max) [%]

Figure 3: SHAP dependence plots of mean (in blue) and max (in orange) defoliation. The y-axis gives the SHAP
value in percentile rank (%). The solid line and shaded band show the mean and 95% coverage interval for the bin.
The dashed horizontal line indicates the level at which the feature has no effect on the model’s predictions. The
density histogram at the bottom of each panel indicates the frequency count of growing periods. All panels share
the same x- and y-axis ranges to allow direct cross-species comparison. Refer to Figure 10 of SM for a comparison
with partial dependence plots in original space (%/year).

We also study the influence of both nitrogen (Figure 4) and sulphate (Figure 5) depositions for all species
in the absence of defoliation features. Spruce and Pine exhibit a clear non-linear pattern, with increased
growth rates up to 3% for Spruce and 4.5% for Pine between 20 and 40 kg N/ha/yr (Figure 4). Low
nitrogen depositions (< 5 kg N/ha/yr) are associated with reduced growth rates for Beech (-2 percentile
ranks), but not for Oak. Note that the positive SHAP values for nitrogen deposition above 30 kg N/ha/yr

correspond to very small sample count and should be interpreted with caution.
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Figure 4. SHAP dependence plots for deposition of total nitrogen (N) across all species (GBDT without defoliation
features). Each point of the scatter plot represents a predicted growing period; the y-axis gives the SHAP value in
percentile rank (%), reflecting the contribution of the feature to the model’s prediction. The solid line and shaded
band show the mean and 95% coverage interval for the bin. The dashed horizontal line indicates the level at which
the feature has no effect on the model’s predictions. The density histogram at the bottom of each panel indicates
the frequency count of growing periods. All panels share the same x- and y-axis ranges to allow direct cross-
species comparison. Refer to Figure 11 of SM for a comparison with partial dependence plots in original space
(%l/year).

Depositions below 2.5 kg SO4/halyr are associated with reduced growth rates of -2.5 percentile-rank
points for Spruce, Beech and Oak (Figure 5). For Pine, no such effect was observed for low sulphate
deposition. Sulphate depositions larger than 20 kg SO4/halyr correlate with increased relative growth
rates for both Pine, Beech and Oak, although the small sample count in these ranges calls for caution in

their interpretation.
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Figure 5: SHAP dependence plots for deposition of sulphate (SO4) across all species (GBDT without defoliation
features). Refer to Figure 4 for details.

5 Discussion

Here, we assess the influence of tree- and stand-level parameters on tree growth, spanning individual
tree traits such as defoliation and social class, as well as site-specific factors including atmospheric
deposition, soil solution properties, and climate. We took advantage of the extensive Level Il network
of ICP Forests covering large parts of Europe and focussed on the four Europe-wide most abundant and
ecologically and economically important species: Norway spruce, Scots pine, Common beech and the
temperate Oak species group. Analyses of factors affecting tree growth on different spatial scales have
a long tradition in forest research (Cienciala et al., 2016; Coomes and Allen, 2007; Robertson, 1992).
Only recently, Etzold et al. (2020) assessed which environmental factors affected the stand-level volume
growth of Spruce, Beech, and Oak on ICP Forests Level Il plots using datasets like the ones in the present
study. However, our study includes several novel aspects compared to the published literature on
environment-growth relationships. First, we focus on the relative growth rate of individual trees, which
is arguably a significantly more difficult problem than stand growth, but that we expect to provide more

fine-grained statistical associations that may serve as candidate hypotheses regarding the drivers of tree



growth. Second, we apply explainable Artificial Intelligence (XAI) methods to investigate the most
important parameters impacting the growth rate. Previous studies mostly used general linear models
(GLM) and mixed linear regression models (MLM), assuming linear relationships between
environmental drivers and growth (e.g., (Cienciala et al., 2016)). Our results, however, show that non-
linear approaches provide a better explanation for tree growth than linear models, consistent with
previous studies demonstrating the importance of non-linear functions in capturing tree growth
responses (Yang et al., 2021). Etzold et al. (2020) applied additional structural equation modelling
(SEM) as a multivariate technique to test complex hypotheses involving multiple possible pathways and
relationships between intercorrelated variables. However, SEM relies on an initial model typically
grounded in existing mechanistic knowledge, which can introduce bias if that understanding is
incomplete or if the relationships and thresholds of impact factors shift due to global change. We see the
hypothesis-free approach as a valuable alternative to SEM and, hence, highly complementary, as new
patterns may emerge that are not expected a priori. However, note that interpretations and hypotheses
reported hereafter draw on post-hoc ecological reasoning external to the model rather than direct testing.
Third, we include defoliation, a parameter assessed not only on the 640 Level Il plots, as a potentially
explanatory variable. Based on the relationship between defoliation and growth, these plots, on which
growth is not measured regularly, may — in separate studies - help to better describe tree and forest

dynamics at the European scale.

Observational studies may uncover patterns in support or against existing hypotheses, but they bring
challenges in terms of interpretation due to statistical confounders, non-linearity, collinearity, and
heterogeneity. Machine Learning (ML) studies, such as the present one, tackle some of these challenges,
especially non-linearity and heterogeneity. However, we show that they are still susceptible to
collinearity and statistical confounding, both of which can lead to profound differences in interpretation.
We review hereafter some of the key findings and the robustness, considering the limits highlighted

above.



5.1 Generalization of predictive patterns

The first key finding is the limited generalizability of predictive patterns at the continental scale, as
evidenced by the marked decline in the performance of GBDT models when transitioning from a
standard grouping by tree identifiers (Table 2) to a temporal blocking strategy (-54%, Table 3) or to a
spatial blocking strategy, wherein grouping is performed by plot identifiers (-89%, Table 4). The relative
ordering of models by RMSE is consistent with their ordering by Rz (Table 11 of SM), confirming that
no ablation condition is selectively penalized or favoured by the choice of metric. A residual analysis
revealed no major bias or heavy-tailed error structure, except for the expected shrinkage-induced
regression to the mean caused by regularization (Section 4 of SM). Similar, though less severe, declines
are observed even when restricting the feature set to tree-level attributes. This is consistent with a
scenario in which the model exploits spatial autocorrelation encoded in plot-level attributes (such as
stand characteristics, plot metadata, and soil solution and deposition statistics) to infer features of
growth, effectively reproducing plot-level mean responses rather than generalizing across spatial
domains. Whether the patterns captured within plots reflect physiologically plausible associations or are
primarily context-specific artefacts cannot be determined from the present analysis alone. This effect
has been reported widely in the remote sensing literature, wherein spatial autocorrelation of the predicted
target extends dozens of kilometres (Ploton et al., 2020; Gléle Kakai, 2024). Importantly, this
phenomenon does not reflect a classical overfitting scenario wherein a highly complex model memorizes
plot-specific averages. Indeed, linear models such as ElasticNet exhibit an even greater degradation in
performance under the same conditions, consistent with the interpretation that spatial autocorrelation
among trees within the same plot contributes to poor generalization, rather than mere overfitting to
model complexity. In fact, any statistical modelling approach which fails to account for spatial grouping
or temporal autocorrelation is prone to overestimating performance or predictive accuracy (Meyer et al.,
2019). This is consistent with broader evidence that realised tree growth is strongly shaped by plot-
specific environmental conditions, which can override species' intrinsic growth strategies (Augusto et
al., 2025b) and that growth responses to climate follow coherent biogeographic patterns structured by
phylogenetic controls and latitudinal/elevational location (Babst et al., 2013). Moreover, soil fungal

composition and function have only recently been recognised as comparably strongly linked to tree



growth as major climatic drivers (Mark A Anthony et al., 2022). Furthermore, the model may lack
relevant features, such as local maximum rooting depth or soil structure, to generalize accurately to other

sites (Fan et al., 2017).

Although the model exhibits limited predictive accuracy under both temporal and spatially blocked
cross-validation, this does not preclude the discovery of ecologically relevant associations between
features and tree growth. Predictive generalization and explanatory relevance are distinct objectives: a
model may fail to extrapolate accurately to new spatial domains while still capturing consistent,
ecologically plausible associations within the training data. This distinction is further supported by the
stability of SHAP-based dependence patterns across cross-validation blocking strategies (Section 3.2 of
SM): of all feature-species combinations considered in this study, only two out of the full top-10 matrix
showed quantitative instability (Spearman p < 0.7 and normalized MAD > 0.3), and visual inspection
confirmed that the qualitative patterns — response direction, shape, and threshold locations — were
preserved in all cases. Feature importance analyses and dependence profiles can therefore serve as robust
descriptive tools for identifying factors that systematically co-vary with growth under observed
conditions, provided every identified relationship is scrutinized against domain knowledge and
physiological plausibility. This precaution is essential not only when generalization is poor, but also in
cases where the model appears to generalize well, as it may still exploit spurious correlations — a
phenomenon akin to the so-called Clever Hans effect (Lapuschkin et al., 2019) — that happen to transfer
across regions or datasets. The remainder of this section will focus on validation against ecological

theory and expert understanding, as a necessary safeguard against such artifacts.

5.2 Dependence of tree growth on plot-level features

Besides stand structural parameters, nitrogen deposition was often found to be the most important driver
of forest growth (Bontemps et al., 2011; Solberg et al., 2009). At the individual tree level, a positive
association between nitrogen deposition and growth is observed for Spruce between 20 and 40 kg
N/ha/yr, consistent with findings at the stand level of Etzold et al (2020). These authors also observed a
positive effect of nitrogen deposition on Pine growth. Contrary to Etzold et al. (2020), our model,

however, associates nitrogen depositions even more strongly with growth for Pine, with up to +6



percentile ranks increase for values between 22-35 kg N/ha/yr. Oak exhibits a near-linear response,
albeit of low magnitude, with less than 2 percentile ranks increase up until 30 kg N/ha/yr and too few
samples beyond this value to draw any statistically significant conclusion. On the other hand, Beech
shows no clear growth response to deposition of nitrogen. In our ranking, sulphate deposition showed
higher overall explanatory power than nitrogen (Figure 2b). Our results show a model-derived
association between low sulphate deposition and reduced growth, a pattern that warrants further
investigation in the context of declining sulphur stocks in Europe due to a reduction in emissions
(Feinberg et al., 2021; Vivanco et al., 2018). This was especially pronounced for Spruce, a species in
which leaf-level sulphur concentrations were low in 88% of the assessed Level Il plots (Jonard et al.,
2015). In addition, a positive effect of high sulphate legacies was observed mainly for Beech, Pine, and
Oak (Figure 5). The generalizability of these associations beyond the training plots has not been

confirmed under spatially explicit validation and should therefore be interpreted with caution.

The dependence plots for total nitrogen deposition (Figure 4) show a strongly non-linear relationship
with tree growth and mostly similar patterns for the different species. Spruce shows an optimum curve
with an increase at low and a decrease at high nitrogen deposition, comparable to the findings of Etzold
et al., 2020. This is also supported by the -45% performance reduction of linear models with respect to
GBDT. The initial response is consistent with the established role of nitrogen as an essential and often
growth-limiting nutrient, with documented effects on photosynthesis and growth in nitrogen-limited
ecosystems. The observed decline in the model's growth response at high nitrogen deposition values is
consistent with prior evidence that excessive nitrogen inputs are associated with nutrient imbalances and
soil acidification (Etzold et al., 2020). In Beech, nitrogen inputs are not identified by the model as an
important feature for individual tree growth, matching also with stand-level observations from Etzold et

al. (2020).

Pine shows a strongly non-linear pattern of growth influenced by nitrogen. Comparable to Spruce, it
exhibits an initial optimum curve, followed by a decrease in growth with increasing nitrogen
concentration. Scots pine has a very broad autecological spectrum (Bartsch and Réhrig, 2016) and, as a

pioneer and late successional species, has the potential to grow under different soil water and nutrient



regimes but synecologically occurs at the dry and wet edges. The highly non-linear pattern might reflect
this ability to grow under very wet, dry, base-rich and acidic conditions. At already low soil pH,
additional nitrogen deposition might lead to further acidification and nutrient imbalances and, thus, to a
growth decline. In contrast, under base-rich conditions, which comprise part of the species’ areal,
sufficient nutrients besides nitrogen are usually available, and high nitrogen input can still stimulate
growth. Both Spruce and Pine have a large proportion of forest plots in Europe marked by nitrogen and
sulphate foliar deficiency; this observation is consistent with a positive association between nitrogen
and sulphate deposition and growth until a certain threshold. Furthermore, the near absence of nitrogen-
and sulphate-limited plots for Beech and Oak in Europe provides a plausible ecological context for the

weaker and less structured associations observed for these species (Jonard et al., 2014).

There are some features for species that might be surprising. Slope, for example, plays an important role
in determining growth in Beech. Beech forests make up the potential natural vegetation in large parts of
Europe, and in fertile regions, they were often cleared for agriculture around settlements already more
than 2000 years ago. Remnants frequently remained on steep, stony, non-productive slopes (Leuschner
and Ellenberg, 2017). The negative model-derived association between slope and growth is difficult to
interpret directly from the analysis. One hypothesis might be that these long-term management legacies
act as confounder in our dataset, although this conjecture should be corroborated by follow-up studies.
Furthermore, hydrology plays an important role for Beech vitality, which is also strongly affected by
topography (Xu et al., 2025). Yet, further research is needed to verify or falsify these hypotheses. This
example shows that our explainable Al approach can — as hypothesis-free method — reveal new and
potentially unexpected patterns. It is, however, important to state that any potential causation needs to
be carefully evaluated and subjected to critical analyses. We see our analysis, thus, as a starting point
for future research and a possibility to test hypotheses, e.g., in mechanistic growth models. There, for
instance, synecological interactions and management legacies should be more explicitly implemented
for trees growing on stands with low water and nutrient availability. The importance of the stand-specific
environmental context is also supported by additional plot-level dependence plots with strong non-linear
responses (Section 5 of SM). While the coarse structure of the dataset is mainly defined by species (and

their broad syn- and autecological preferences), secondary clusters are formed by plots and their



prevailing environment. This is generally consistent with recent findings that the specific small-scale
environmental context can strongly modify the functioning and competitiveness of a given species
(Forrester et al., 2016), though the spatial confounding identified in Section 5.1 limits the strength of

this correspondence.

5.3 Dependence of tree growth on tree-level features

Our XAl model identified stand structural parameters as the most important factors for predicting stand
growth regimes. Our results on tree growth align with the findings of (Etzold et al., 2020) as social class
and average tree age are among the most explanatory features in our approach. Social class, as the highest
scoring feature (Figure 2), is strongly associated with resource availability and competition with
neighbouring trees. This variable reflects how much light (as well as water and nutrients) is available to
each tree, relative to what is maximally available at the site, with suppressed trees subjected to increased
competition, ultimately resulting in reduced growth. Whether social class exerts a direct causal influence
on growth or co-varies with unmeasured site-level determinants of both competitive position and growth
potential, cannot be resolved from the present analysis. Stand age, a plot-level measurement in the
present study, is known to impact growth as trees in younger forests tend to grow faster, while growth
can decline as forests mature and the canopy becomes fully developed (Binkley et al., 2002). However,
tree age could be more accurately included as an individual tree-level feature if such data were available,
and our study suggests that its importance might be much larger than stand age, especially if a forest

plot is not even-aged.

In our study, defoliation was among the features with the highest explanatory power for relative growth.
At the same time, defoliation can be linked to remote sensing products, potentially providing additional
information to assess and model large-scale forest growth (Kalin et al., 2019). Defoliation has been
linked to tree growth on the stand scale, but to date, no large-scale assessments have been conducted.
Our results show that defoliation is one of the most important explaining factors, in the same order as
social class, when all four species examined are taken together (Figure 2). Defoliation has been
monitored in ICP Forests plots since the 1980s as an indicator of forest health and vitality, as it integrates

the effects of various biotic (e.g., defoliating insects) and abiotic (e.g., drought) factors on trees.



However, the observed associations between defoliation and growth may reflect bidirectional or
mediated relationships rather than direct causation. There are targeted studies on forest stands with
specific species that seem to indicate that defoliation thresholds need to be surpassed to influence growth
(Ferretti et al., 2021; Solberg and Tveite, 2000) and these findings are consistent with the associations
observed here at the continental scale, in spite of the spatial confounding identified in Section 5.1. Oak
and Spruce exhibit a marked inflection in model-derived response from no or slightly positive effects
below approx. 40% defoliation to adverse impacts on growth above. Reduced foliage might result in
fewer photoassimilates and, thus, lower carbon availability for growth. Over a certain range, the impact
of changes in total crown size can be compensated by increased specific photosynthesis rates (i.e.
photosynthetic capacity per m? leaf area) (Comin et al., 2025; Medhurst et al., 2006). We may assume
that the tipping points in Spruce and Oak might indicate a situation in which such compensation is no
longer possible, and C limitation then starts to restrict growth. The amplification of the non-linear
response by maximum defoliation (Figure 3) is consistent with the hypothesis that extreme events such
as droughts — known to strongly increase defoliation especially in the year after the event (Hunziker et
al., 2022; Ognjenovi¢ et al., 2022) — may substantially exceed the capacity of trees to adjust specific
photosynthesis. Under drought, water supply becomes restricted, and, thus, either active leaf shedding
to reduce evapotranspirative water loss or leaf loss caused by cavitation of the leaf hydraulic system
reduces the water demand (Gessler and Zweifel, 2024). At the same time, stomatal closure reduces
specific photosynthetic capacity. These mechanisms provide a plausible biological context for the
observed associations, but since drought indices and vapour pressure deficit (VPD) are absent from the

feature set, no direct evidence for this hypothesis is available in the present analysis.

Due to the limited temporal resolution of growth and defoliation data, the impact of maximum
defoliation may be underestimated in the present study. Since growth is observed typically every 5 years,
the effects of defoliation maxima, caused by short term disturbance, are best detectable when defoliation
peaks early in a growth period, as trees may need several years to recover. In contrast, defoliation
maxima occurring toward the end of a growth period will have a weaker apparent effect on growth and
may rather affect the following growth period. Furthermore, the mean frequency of defoliation

observations analysed was 0.87 observations per year. Missing annual defoliation observations increase



the probability of underestimating the maximum defoliation within a given growth period. Despite its
slightly lower predictive power compared to the more temporally stable mean defoliation, maximum
defoliation may in fact be the better feature of individual tree growth, because it may capture major

disturbances of tree vitality more accurately than the mean defoliation.

Although defoliation ranks systematically as one of the top explanatory features, removing it has little
effect on predictive capabilities (Table 2). This apparent contradiction suggests that defoliation, through
its collinearity with other features such as atmospheric deposition or climatic indicators, serves as a
proxy for these factors, which is consistent with the findings of earlier studies (Seidling et al., 2012).
Note how collinearity is distinct from interaction in a statistical sense: while the latter exists if the
marginal contribution of a feature A depends on the value of a feature B in a non-linear or non-additive
way (and can be captured by SHAP using second-order decompositions), collinearity will cause SHAP
to distribute attributions between A and B in an arbitrary fashion (depending on model structure and
background distribution). As a result, one needs to rely on an inspection of the change in SHAP values
across different ablation studies (Table 5). When ablating defoliation features, model attribution is
redistributed toward different, species-specific variables (e.g. deposition pH in Oak, social class and soil
solution nitrate in Pine, stand age in Beech and Spruce). This redistribution should not be interpreted as
direct substitution, but rather as an indication that defoliation aggregates information from multiple
correlated stressors whose relative importance differs among species. The absence of a uniform
replacement pattern suggests that defoliation acts as a species-dependent proxy for sets of correlated
environmental stressors whose relative statistical importance differs among species. Whether these
stressor sets reflect distinct causal pathways is a hypothesis that the present observational analysis cannot
confirm. For example, the rank of cobalt depositions for Spruce in Table 5 lacks a plausible biological

or ecological explanation and is consistent with confounding by precipitation or a spurious correlation.

Our observations are compatible with a restriction of tree growth by environmental factors (e.g., water
availability or VPD) (Zweifel et al., 2021). The reduced demand for growth by the non-photosynthetic
sink tissues might, consequently, lead to an adjustment of the whole tree’s photosynthetic capacity and,

ultimately, to fewer leaves (Gessler and Zweifel, 2024). Such mutual adjustment between sink activity



and tree photosynthetic capacity (i.e. source activity) is a continuously regulated process that might

explain the more smoothed relationship between the SHAP values and mean defoliation.

Although our approach does not provide causal relationships, the observed patterns between defoliation
and stem growth are broadly consistent with established mechanistic understanding, providing
ecological plausibility to these patterns. It is important to note that the relationship between maximum
defoliation, mostly driven by stress events, is a strongly non-linear one, where the exceedance of a
threshold leads to strongly negative impacts. Findings that extreme droughts can have multi-year
legacies on growth (Anderegg et al., 2015; Bose et al., 2024) are consistent with our results that an
extreme year within the period between censuses (leading to the maximum defoliation) can have lasting
impacts on growth. The rather smoothed relationship between average defoliation and growth can be
explained by the sensitivity of average defoliation to extreme events, but may also point to a second
mechanism, i.e., the continuous mutual adjustment of sink (growth) and source (photosynthesis) activity

on the whole tree level (Gessler and Zweifel, 2024).

5.4 Limitations of our study

A notable absence from the feature set is explicit fine-grained climate forcing: while long-term average
temperature and precipitation are included as static plot attributes, dynamic indices of inter-and intra-
annual stress — such as the Standardized Precipitation-Evapotranspiration Index (SPEI; (Vicente-
Serrano et al., 2010)), VPD, or frost event frequency — are not. This omission is partly inherent to the
temporal structure of the data: growth is observed at approximately 5-year intervals, which complicates
the attribution of impacts from discrete extreme events whose physiological consequences are often
delayed (e.g., late-summer drought affecting the following growing seasons) (Anderegg et al., 2015;
Bose et al., 2020). Furthermore, constructing reliable proxies for extremes within a 5-year window
would require careful selection of aggregation periods (e.g., growing season, period when soil moisture
minima are reached), thresholds, and additional preprocessing steps (including phenological modelling
for frost timing) that would substantially shift the methodological scope of this study. The absence of
these variables has a direct bearing on the interpretation of defoliation as a proxy: defoliation may

aggregate the signal of drought and other stressors precisely because the underlying drivers are not



represented in the feature set. This is consistent with the observation that removing defoliation causes
model attribution to redistribute toward correlated environmental variables in a species-specific manner
(Table 5). Future work should investigate whether including period-level climate extremes reduces the

proxying role of defoliation and yields more mechanistically interpretable attribution patterns.

A second limitation concerns the Oak subsample, which comprises 2,596 growth periods across 1,279
trees substantially fewer than the other three species, reflecting the actual composition of ICP Forests
Level Il plots where conifers are more heavily represented. This is consistent with the higher cross-
validation standard deviations for Oak in Tables 2 and 3, as well as the noisier dependence plots.
Additionally, the Oak group pools sessile (Quercus petraea) and pedunculate (Quercus robur) oak
species due to their phylogenetic proximity and frequent co-occurrence in the same stands, which
provided a pragmatic basis for increasing sample size. However, it must be noted that they occupy
partially distinct ecological niches with respect to soil moisture and nutrient availability and they differ
in drought tolerance; the resulting within-group heterogeneity may attenuate species-specific signals and

should be addressed in future work targeting Oak specifically.

Finally, the cross-validation design, including temporal blocking, addresses generalisation across trees,
plots, and time periods represented in the data. It does not, however, account for potential non-
stationarity in growth—environment relationships over time. Indirect empirical evidence for such non-
stationarity is provided by the performance of linear models under temporal blocking: all configurations
including plot-level features yield negative mean R?, whereas restricting to tree-level features alone
retains modest positive performance (mean R2 = 0.06). Tree-level features such as defoliation and social
class do not exhibit long-term trends — such as the continent-wide decline in SO4 and NOs deposition
documented by (Feinberg et al., 2021; Vivanco et al., 2018) — that cause distributional shift between
early and late periods under temporal blocking, making their associations with growth relatively more
stable across time. At the stand level, Etzold et al. (2020) did not identify consistent temporal growth
trends attributable to climate change alone over a comparable period, suggesting that non-stationarity is
not the dominant source of variance overall. Whether this conclusion extends to individual-tree-level

relationships, which may be more sensitive to local environmental context and to the increasing



frequency of climate extremes, remains an open question. Longer time series from the ICP Forests

network will be necessary to assess the temporal stability of the identified patterns rigorously.

6 Conclusion and Outlook

Our study demonstrates that hypothesis-free explainable Al (XAI) approaches provide a powerful
starting point for uncovering and refining growth—environment relationships, and for guiding the
development of more robust, mechanistically informed models of forest growth under ongoing

environmental change.

However, our results also illustrate a fundamental limitation of XAl applied to spatially structured
ecological data: the marked decline in predictive performance under spatially explicit validation
indicates sensitivity to spatial confounding, and underscores that model-derived response patterns
require careful interpretation grounded in domain expertise rather than being treated as statistically

validated causal effects.

Future work should therefore aim to strengthen causal inference and generalization by integrating
explainable machine learning with complementary approaches, such as structural equation modelling
and process-based or differentiable models that embed physiological constraints. Expanding feature sets
to include additional soil properties and biotic factors, such as soil microbial communities, may further
improve mechanistic understanding. Additionally, the use of differentiable models, which integrate
machine learning with process-based modelling, may enable the incorporation of domain-specific
knowledge into the learning process, ensuring that the model adheres to known ecological principles.
This integration has been demonstrated to enhance interpretability and generalization in ecosystem

modelling (Aboelyazeed et al., 2023).
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