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Accurate prediction of forest structure and composition is essential for forest management, as planning depends
on anticipating future stand dynamics under changing environmental conditions. Machine learning algorithms
have proven useful for this task due to their ability to capture non-linear ecological patterns in forest dynamics.
However, current machine learning applications in forest ecology mostly focus on component growth rates,
leaving approaches that directly predict future stand-level states like total basal area and species composition
under-explored. This study develops a national-scale XGBoost model for Swiss forests, using Swiss National
Forest Inventory data and CH2018 climate scenarios to predict changes in basal area and broadleaf proportion.
Tested on a later inventory not used for training, XGBoost predicts the next inventory state with an R? of 0.66
for basal area and 0.91 for broadleaf proportion, slightly above a linear Lasso model (0.65 and 0.90). When
applied recursively to generate exploratory projections to 2099, the model indicates an overall increase in basal
area, although unmanaged lower-elevation belts decrease, and an increase in broadleaf proportion mainly at
lower elevations, especially under high emissions. These trends are similar to patterns reported by established
process-based and empirical forest models. This work offers a computationally efficient approach for projecting
forest dynamics over large areas, without the extensive parameterization required by process-based models.

1. Introduction

Forests provide many ecosystem functions and services at both
global and local scales (Brockerhoff et al., 2017). These services include
timber production, habitat provision for native and endangered species,
climate regulation by sequestering carbon dioxide, and cultural ser-
vices (Brockerhoff et al., 2017; Krieger, 2001). However, forest ecosys-
tems are already experiencing impacts from changing temperatures,
precipitation patterns, and increased disturbance frequency resulting
from climate change (Henne et al., 2018; Seidl et al., 2017). Globally,
observed effects include changes in forest growth (Piao et al., 2011),
species distribution (Iverson and McKenzie, 2013; Walther, 2003), and
mortality induced by drought (Allen et al., 2010; Senf et al., 2018)
and other disturbances such as storms, bark beetles and wildfires (Seidl
et al., 2017). Such changes have already affected the ecosystem ser-
vices that forests provide (Elkin et al., 2013; Wolf and Paul-Limoges,
2023). Climate change is expected to have many impacts on forests,
affecting their productivity and biomass (Brecka et al., 2018). Tree
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species are projected to shift to higher elevations and be replaced by
more drought- and warm-adapted species at lower altitudes (Pefuelas
and Boada, 2003; Walther et al., 2002). In Switzerland, for instance,
projections from the process-based model ForClim and the empirical
model MASSIMO indicate a basal area increase at higher elevations and
a shift toward broadleaf species at lower elevations and in managed
forests (Huber et al., 2021; Stadelmann et al., 2019; Flury et al., 2024).

Forest modeling is important for forest management decisions (Rit-
tenhouse et al., 2011; Zollner et al., 2005), as strategic forest manage-
ment planning requires the ability to predict and evaluate future forest
structure and composition (Taylor, 2009). To adapt forest management
to a changing climate, it is also necessary to predict how climate change
effects will evolve over time (Keenan, 2015). In addition, with regard
to international commitments such as the Kyoto Protocol, the European
Union proposed that countries provide specific estimates on the present
state and future development of their forests’ carbon balance (Krug,
2018; Stadelmann et al., 2019). To make these types of estimates and
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assist policymakers, many European countries have developed forest
projection systems (Barreiro et al., 2016). For example, in Switzerland,
the empirical forest development model MASSIMO is used to make
predictions at national scale based on forest inventory data (Thiirig
et al., 2021).

Forest development can be modeled with process-based and em-
pirical approaches (Fontes et al., 2010). Process-based models use
mechanistic representations of eco-physiological and demographic pro-
cesses, including photosynthesis, growth, and mortality, to simulate
forest dynamics (Makeld et al., 2000). These models capture under-
lying processes to allow assessments under projected future climate
conditions (Gustafson, 2013). Accordingly, these models are commonly
applied to project forest dynamics over decades to centuries (Bugmann
and Seidl, 2022; Shifley et al., 2017). However, their projections —
particularly over short- to intermediate-term horizons relevant for man-
agement — can be highly sensitive to how initial forest conditions
and parameters are specified (Temperli et al., 2013). Consequently,
parameterizing and initializing these models for large areas can be diffi-
cult (Bugmann, 2001; Stadelmann et al., 2019). Moreover, despite their
process-based nature, the mechanisms they use might not generalize
to observed extreme events, such as droughts (Fischer et al., 2025;
Giardina et al., 2025). Also, with the increased availability of empirical
data (Wulder et al., 2012), it might be possible to identify patterns that
are currently not captured by process-based models.

Most European countries use empirical models for national-scale
predictions of wood availability, whereas process-based models remain
of limited use for this purpose. Yet, many of these empirical models do
not include climate variables, which limits their ability to account for
the impacts of climate change and highlights the need for further model
development under changing environmental conditions (Barreiro et al.,
2016). A major challenge is that models need to predict responses to
environmental conditions that fall outside the range of the observed
values used for model development (Barnes et al., 2022).

Machine learning (ML) models are increasingly used in forest ecol-
ogy and to analyze ecosystem responses to water limitation and other
environmental stressors (Liu et al., 2018; Giardina et al., 2023), as
they can capture non-linear ecological patterns (Ryo and Rillig, 2017).
Compared to process-based models, ML models are easier to apply
over larger areas because they require less detailed initialization data
(Adams et al., 2013; Liu et al., 2018). Empirical models that integrate
ML can potentially also capture extreme events better, provided such
events are represented with sufficient variability in the data used to
develop them (Materia et al., 2024). Additionally, ML frameworks
typically separate model fitting from performance assessment (i.e., by
splitting the initial data into training, validation and test sets and
through cross-validation), providing a more transparent evaluation of
out-of-sample predictive performance (Roberts et al., 2017; Yates et al.,
2023). Model validation is required before environmental models are
applied for management or policymaking (Eker et al., 2018; Rykiel,
1996; Schuwirth et al., 2019). For forest management decisions, this
validation should include comparing the predicted values with the
observed values not used in model development (Buchman and Shifley,
1983). Hence, the validation approach of ML frameworks is another
advantage that does not seem to be fully explored and may be less de-
manding compared to other approaches (e.g., in process-based models,
which require assessing individual processes and their interactions).

Current applications of ML in forest ecology mostly focus on devel-
oping component models that predict rates of change, such as the basal
area increment of individual trees (Ashraf et al., 2013; Casas-Gomez
et al., 2025; Jevsenak and Skudnik, 2021) or the annual volume growth
of a stand (Bayat et al., 2021; Hamidi et al., 2021; Tian et al., 2022).
However, these models only include trees that remain alive during the
observation time. Consequently, approaches that include mortality and
forest regeneration have potentially been underexplored. Models that
simultaneously predict both positive and negative changes in a forest
stand, such as its total basal area and species composition, require
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further exploration. Capturing these dynamics is essential for carbon
accounting, forest management decisions, and projections of timber
production.

This paper addresses these gaps by developing and validating an ML
model for Swiss forests that integrates stand, site, and climate variables,
using data from the Swiss National Forest Inventory (NFI) (WSL, 2025)
and the CH2018 climate scenarios (CH2018 Project Team, 2018).

To do this, we chose an Extreme Gradient Boosting (XGBoost)
algorithm because of its ability to converge relatively fast, capture the
non-linear relationships that characterize forest ecosystems (Messier
et al., 2016), and perform well with structured data (Chen and Guestrin,
2016). The model predicts two key indicators of forest development:
basal area per hectare, a measure of wood availability, and the
broadleaf fraction, a measure of species composition.

To ensure relevance for management and policymaking, we eval-
uate the model’s ability to generalize to future climate conditions
using temporally out-of-sample one- and two-step validations against
later NFI observations. In these validations, we compare XGBoost with
Lasso regression and a persistence baseline. After this short-horizon
validation, we apply the model recursively to generate projections until
2099 for Swiss forests.

A limitation of tree-based algorithms such as XGBoost is that they
cannot extrapolate beyond the range of the data on which they were
trained: outside the observed range of a predictor, their predictions
remain constant rather than continuing the underlying trend. In this
respect they differ from established forest models such as the process-
based ForClim (Huber et al., 2021) and the empirical MASSIMO (Stadel-
mann et al., 2019), which represent forest dynamics in ways that let
them project responses to conditions that lie outside the historically
observed range. In this study, we use a persistence baseline as a
simple non-extrapolating reference and Lasso regression as a linear
empirical reference. Other non-extrapolating projection frameworks,
such as the plot-matching approach of Van Deusen and Roesch (2013)
and the USDA Forest Service RPA applications (Oswalt et al., 2019),
provide another option. We account for the extrapolation constraint of
XGBoost by separating short-horizon validations from longer recursive
projections, by comparing it with the persistence baseline, and by
reporting, for our projections, the percentage of feature values that fall
outside the training range.

Forests in Switzerland cover a large elevational and thus envi-
ronmental gradient ranging from Mediterranean-type Scots-pine-oak
forests to temperate spruce-fir-beech forests and subalpine larch—
Stone-pine forests (Huber et al., 2021). This variety of ecosystems
covers a bio-climatic gradient that is representative of large parts of
Europe (Huber et al., 2021).

We will address the following questions: For temporally held-out
one- and two-step inventory transitions, how accurately can an XGBoost
model predict changes in the basal area and broadleaf fraction of Swiss
forests, and how does its performance compare with Lasso regression
and a persistence baseline? When the model is applied recursively
beyond the validation horizon available from current NFI observations,
how do the projections compare with those from established forest
models?

2. Materials and methods

All code used in this study, along with instructions for obtaining the
data, is available at the public GitHub repository named BABF-forest-
forecasting (Rieder, 2026).

2.1. Study area

Forests cover 32% of the total surface area of Switzerland. These
forests contain a wide diversity of sites that range from warm lower
altitudes to the alpine timberline. This altitude range shapes local
climatic conditions that can vary within short distances, influencing
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the species composition. The resulting diversity of forest structures
is reflected in regionally different management strategies and forest
functions, with management objectives varying among regions such
as the Swiss Plateau, the Pre-Alps, the Alps, and the Jura. Conifer
forests make up 43% of the area and dominate the upper montane and
subalpine vegetation belts. Broadleaf forests account for 25% and occur
mostly at lower altitudes with mixed forests making up the remaining
32%. Within the growing stock, spruce makes up the highest proportion
at 44%, followed by beech at 18% and silver fir at 15% (Rigling and
Schaffer, 2015).

This diversity of forest types across a relatively small area, combined
with steep climatic gradients, makes Switzerland an ideal setting to
study forest dynamics. Its well-documented forest management prac-
tices and long-term monitoring data further allow insights that are
relevant for understanding broader Central European forest trends.

2.2. Data sources

This study used two primary datasets for modeling: forest data from
the Swiss NFI (WSL, 2025) and historical and projected climate data
from CH2018 (CH2018 Project Team, 2018).

2.2.1. Swiss National Forest Inventory

The Swiss NFI is a long-term program that monitors Swiss forests,
with the goal of providing data and information about Swiss forests
to different interest groups. The inventory surveys approximately 6500
permanent plots, with measurements starting in 1983. These plots are
arranged on a systematic 1.4 km x 1.4 km grid. Each plot is re-
measured approximately every 10 years. Since the fourth assessment
(2009-2017), the survey has used a continuous design. In this design, a
representative subset (panel) containing approximately one ninth of the
complete set of plots is surveyed each year (Fischer and Traub, 2019).

The field survey on each plot uses a nested circular design to collect
individual tree data. Within an inner circle of 200 m2, all trees with
a Diameter at Breast Height (DBH) of 12 cm or greater are recorded.
Trees with a DBH of 36 cm or more are sampled in a 500 m? circle.
Core attributes are recorded for each tree, including species, DBH, and
status (for example, living or dead). The basal area for an individual
tree is calculated from its DBH measurement. These values are then
scaled by a plot-specific extrapolation factor, which determines the
weight of individual trees and accounts for variable plot sizes (e.g., due
to roads or clearings). The scaled tree values are then summed at
the level of sample plots to obtain the total basal area per hectare,
including for plots that were only partially resurveyed. In addition to
the field surveys, data from aerial images, a forest road survey, and an
interview survey among foresters were used. For instance, management
information was derived from the interview survey (Fischer and Traub,
2019).

This study analyzes data from five Swiss NFIs (WSL, 2025): NFI1
(1983-1985), NFI2 (1993-1995), NFI3 (2004-2006), NFI4 (2009-2017),
and NFI5 (2018-2024). For the final inventory (NFI5), data are avail-
able for 7 of the 9 sampling panels at the time of analysis. The NFI data
analyzed are organized into three levels, each counted in a different
unit. Site-level data provide constant geographical and topographical
information, such as coordinates, elevation, slope, aspect, soil pH, and
vegetation belt, for the 4164 plots measured in all five inventories.
Stand-level data consist of 20,820 records, one for each of these plots
in each of the five inventories, capturing plot characteristics like total
basal area per hectare and management intensity. Finally, individual
tree-level data include 412,391 single-tree measurements across all
inventories, detailing variables such as species codes, individual tree
basal area, and extrapolation factors, which are aggregated to the plot
level to obtain basal area and broadleaf fraction. To obtain the data, we
have signed a contractual agreement with the Swiss Federal Institute for
Forest, Snow and Landscape Research (WSL).
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Not all of these records could be used for modeling. After removing
records with missing site, stand, or tree data and records with im-
plausible basal area values, the final dataset comprises 19,659 records
from 4063 plots (Fig. 1), which yield the 15,516 inventory transitions
used for training and evaluation. The individual exclusion steps are
described in Appendix A.

2.2.2. CH2018 climate scenarios for Switzerland (CH2018)

The CH2018 climate scenarios are climate projections for Switzer-
land created to support impact research and adaptation decisions. The
scenarios are derived from the Coordinated Regional Climate Down-
scaling Experiment, a project that uses an ensemble of regional cli-
mate models, which dynamically downscale projections from multiple
global climate models to a higher resolution of 12 km or 50 km.
The projections cover three different future emission scenarios, known
as Representative Concentration Pathways (RCPs): RCP2.6, a strong
mitigation scenario consistent with limiting global warming to below
2°C; RCP4.5, an intermediate scenario; and RCP8.5, a high-emission
scenario with unabated emissions (CH2018, 2018).

This study uses the CH2018 DAILY-GRIDDED product (CH2018
Project Team, 2018), a dataset that provides transient daily time se-
ries from 1981 to 2099 on a regular 2 km x 2 km grid covering
Switzerland. The dataset includes daily mean, maximum, and minimum
temperatures, as well as the daily precipitation sum. These variables are
available for each simulation within a multi-model ensemble, which
consists of 12 simulations for RCP2.6, 25 for RCP4.5, and 31 for
RCP8.5 (Kotlarski and Rajczak, 2018). The data are freely available
under the CC BY 4.0 license.

2.3. Data processing and integration

Data from the Swiss NFI and CH2018 climate scenarios were inte-
grated to create a unified dataset with consistent spatial and temporal
alignment. Stand-level records provided the Basal Area, while indi-
vidual tree data were aggregated to calculate the Broadleaf Fraction.
These variables served as the basis for the target variables and were
complemented by derived climate and site predictors.

For the climate predictors, daily CH2018 data were first converted
to yearly metrics for each simulation and grid cell. For each RCP,
these yearly metrics were then averaged across the available ensemble
members, resulting in one ensemble-mean value per year and 2 km
X 2 km grid cell. Each NFI plot was linked to the nearest CH2018
grid point via a nearest-neighbor join (Van den Bossche et al., 2024).
The plot-level climate features were computed by averaging the yearly
ensemble-mean values from the linked grid point over the plot-specific
interval between two consecutive NFI measurements and assigning this
interval mean to the NFI record at the start of the interval.

The final set of predictor and target variables is summarized in
Table 1, with detailed definitions provided in Appendix C. The spatial
distribution of the 4063 plots included in the final model dataset is
shown in Fig. 1. Additional details on data processing are provided in
Appendix A.

2.4. Modeling approach

We use an XGBoost model to predict two target variables for the
subsequent inventory period: Next Basal Area and Next Broadleaf Frac-
tion. XGBoost is a supervised learning algorithm based on an ensemble
of decision trees (Cherif and Kortebi, 2019). The model is trained
by minimizing an objective function that balances a loss function to
measure predictive error against a regularization term to control model
complexity (Chen and Guestrin, 2016; Cherif and Kortebi, 2019).

Let {(x;, y)}, denote the training data with » training instances,
where x; € R? is the feature vector, where p is the number of features,
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Fig. 1. Spatial distribution of the 4063 sample plots from the Swiss NFI that have been used in the final model of this study. The plot locations are overlaid on
a relief map of Switzerland with the national border highlighted. Data sources: NFI (WSL) (WSL, 2025), Federal Office of Topography (swisstopo) (Federal Office
of Topography (swisstopo), 2024a,b).

Table 1

Summary of predictor and target variables used in the forest development models. Statistics are
computed from the NFI1-NFI5 data (1983-2024, n = 19,659 observations). Values show the
median [Q,s, Q;5], where Q,5 and Q5 are the 25th and 75th percentiles. See Table C.5 for
full variable definitions.

and y; € R is the observed target. Then, when the squared error is used

Variable Unit Median [Q,s5, Qy5]
Predictor Variables: NFI Site & Stand (WSL, 2025)

Basal Area m?/ha 30.9 [19.5, 43.4]
Aspect Degrees (°) 177.3 [89.9, 292.4]
Slope Percent (%) 42.6 [21.9, 63.6]
Soil pH pH value 4.93 [3.77, 6.52]
Elevation m a.s.l. 981 [655, 1364]

Broadleaf Fraction

Fraction (0-1)

0.21 [0.00, 0.76]

Time Difference Years 9 [9, 10]
Management Intensity Cat. code (1-3) -

Vegetation Belt Cat. code (1-10) -

Predictor Variables: Climate (CH2018 Project Team, 2018)

Mean Minimum Temperature °C 3.8 [2.0, 5.1]
Variance Minimum Temperature °C? 45.4 [44.1, 47.2]
Mean Temperature °C 7.6 [5.7, 9.1]
Variance Mean Temperature °C? 54.5 [51.1, 57.0]
Mean Maximum Temperature °C 12.0 [9.9, 13.7]
Variance Maximum Temperature °C? 69.8 [62.5, 77.1]
Mean Precipitation Sum mm/year 1324 [1109, 1630]
Variance Precipitation Sum (mm/day)? 53.5 [39.6, 77.3]
Mean Dry Days Count Days/year 223.6 [212.6, 240.9]
Mean Frost Days Count Days/year 113.6 [91.8, 142.0]
Mean Growing Degree Days °C-days/year 1744 [1289, 2124]
Target Variables (WSL, 2025)

Next Basal Area m?/ha 31.5 [20.0, 44.0]

Next Broadleaf Fraction

Fraction (0-1)

0.23 [0.00, 0.77]

as the loss function, the objective function is:

and leaf weights {c, j}Tk

tree in the space of regression trees. For a given tree f, with T, leaves
the tree output is f;(x;) = ¢, &) where

j=r
n K . D . . .
2 qr : RP - {1,...,T,} maps x; to a leaf index. The regularization term
LUUS) = D i=5) "+ D e - @ . . ‘
i=1 k=1 for a single tree is:
—_— Y=
Loss Regularization

where K is the number of trees and the model’s prediction, J;, is an
aggregation of the outputs from all trees: J; = Zf=1 fr(x;). Each f; is a

Ty Ty
Q) =T, + “Z"—‘w' + %AZC,%J, 2
= =
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where the hyperparameters y, 4, and « control penalties on tree com-
plexity. See Appendix D for the definition of the hyperparameters and
their optimization. We used the Python implementation of XGBoost
provided by the xgboost package (Chen and Guestrin, 2016).

We compared the XGBoost model against two reference models. The
first is a Lasso regression, a linear model that serves as an interpretable
empirical comparator. It was fitted to the same predictors after stan-
dardization, with the strength of its #| penalty tuned using the same
forward split as the XGBoost hyperparameters (see Appendix D). The
second is a persistence baseline, a naive non-extrapolating reference
that predicts no change between inventories. That is, it carries the ob-
served current state forward, using the current Basal Area and Broadleaf
Fraction as the predictions of Next Basal Area and Next Broadleaf Frac-
tion. Because the persistence baseline never produces values outside the
observed range, it provides a non-extrapolating reference against which
the behavior of XGBoost and Lasso can be judged. We used the Lasso
and standardization implementations provided by the scikit-learn
package (Pedregosa et al., 2011).

The predictions of all three models were clipped to ecologically
valid ranges. Predicted Next Basal Area values were clipped to the range
[0,100]. Predicted Next Broadleaf Fraction values were clipped to the
range [0, 1].

2.5. Model training and evaluation

A separate XGBoost model was trained for each target variable,
i.e., one for predicting Next Basal Area, and one for Next Broadleaf
Fraction. Throughout, we refer to a pair consisting of an inventory that
provides the predictor state and the subsequent inventory that provides
the target as an inventory transition (e.g., the NFI3-NFI4 transition
uses the NFI3 plot state to predict the subsequent NFI4 state). The
models were evaluated on a temporal split, so that each model is
evaluated on inventory transitions occurring later in time than those
used for training. This approach is used because predictive models
should be validated with future data that were not used in model devel-
opment (Rykiel, 1996). Random cross-validation was also considered
but is not appropriate for a forecast model, as temporal autocorrelation
would make the evaluation metrics overly optimistic (Roberts et al.,
2017).

We assessed the models on two held-out one-step evaluations to test
whether their predictive skill is robust across horizons. In the first, the
models were fitted to the NFI1-NFI2 and NFI2-NFI3 transitions and
evaluated on the held-out NFI3-NFI4 transition. In the second, they
were fitted to the NFI1-NFI2, NFI2-NFI3, and NFI3-NFI4 transitions
and evaluated on the held-out NFI4-NFI5 transition. In both, the mod-
els predict only the inventory that immediately follows their training
data, so both are one-step predictions.

The projections to 2099 (Section 2.7), in contrast, apply the model
recursively by feeding each prediction back as the input for the next
step. To assess how the prediction error accumulates under this re-
cursive application, we added a recursive two-step evaluation. The
model fitted to the NFI1-NFI2 and NFI2-NFI3 transitions first predicted
the NFI4 state from the observed NFI3 state, and then predicted the
NFI5 state from its own predicted NFI4 state. This two-step prediction
of NFI5 was compared with the observed NFI5. In all evaluations,
the XGBoost model was compared with the Lasso regression and the
persistence baseline on the same held-out data.

To test whether the RMSE differences between these models were
larger than expected from sampling variability, we compared each
model pair with a spatial block bootstrap of the per-plot RMSE differ-
ence (Lahiri, 2013; Brenning, 2012). For each comparison we report the
difference in RMSE, with its 95% bootstrap confidence interval; the full
procedure and results are given in Appendix E.2.4.

Because of the continuous design of the Swiss NFI, some data
leakage is possible. For example, one instance in the training data could
have features from 2008 and targets from 2018, while an instance in the
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test set could have features from 2012 and targets from 2022, causing
an overlap in these periods. To assess this problem, we performed a
leakage-free sensitivity analysis, in which the model was fitted only
to the NFI1-NFI2 and NFI2-NFI3 transitions, so that the last training
target measurement preceded the first measurement in the NFI4-NFI5
test transition. The results of this sensitivity analysis are reported in
Appendix E.2.1.

The models were trained using RCP4.5 climate data. Since RCP
scenarios follow the same historical forcing and differ over the training
period only through internal climate model variability, this choice is
not expected to substantially affect performance. To test whether it
did, we repeated the NFI4-NFI5 one-step evaluation with RCP2.6 and
RCP8.5 climate inputs, keeping all other training and test splits con-
stant. The results of this sensitivity analysis are reported in Appendix
E.2.2.

2.6. Evaluation metrics and diagnostics

Model accuracy was quantified using the following metrics: coeffi-
cient of determination (R?), root mean square error (RMSE) and bias.
For the explicit formula of these measures, see Appendix E. Moreover,
the importance of features was measured using the gain metric, which
is the average reduction in the regularized training objective (loss)
contributed by a feature across all trees and all splits where it is
used (Chen and Guestrin, 2016).

The models were evaluated on both training and testing sets. Fol-
lowing the two held-out one-step evaluations described in Section 2.5,
subgroup performance was summarized as the arithmetic mean of
their metrics and reported by Management Intensity and Vegetation Belt.
This subgroup analysis was intended to provide insight into potential
sources of variation in model performance and to allow comparison
with the process-based ForClim model and the empirical MASSIMO
model. Because over-stocked stands are most relevant for management
and are where the largest errors were expected, we additionally split
the results at the 90th percentile of the observed values and report the
upper decile separately.

Unless stated otherwise, the reported evaluations used RCP4.5 cli-
mate data.

2.7. Generating forest projections

To generate future projections, the model was retrained on all
available historical data. Although this process invalidates the previous
error estimates, the retrained model is expected to perform better than
a model trained on less data (Roberts et al., 2017).

The projections began with the final measured state of each plot
from the fifth Swiss NFI inventory (2018-2024). A future timeline
was created for each plot, extending to the year 2099. This timeline
followed a predefined schedule of time intervals, which is detailed in
Table F.28. Because the final NFI5 measurements were taken in differ-
ent years, the projection intervals differed among plots. The interval
length was 9, 10, or 11 years, and each plot was projected in eight
steps until 2099. Climate variables for each future interval were calcu-
lated from the CH2018 projections using the same interval-averaging
procedure as for the historical data.

The model then operated in the recursive feedback loop shown in
Fig. 2. Basal Area and Broadleaf Fraction were initialized from NFI5
observations and updated at each step with the predicted values from
the previous interval, clipped to the ranges described above. Climate
predictors and Time Difference were updated per interval following
Table F.28, whereas Management Intensity, Vegetation Belt, Aspect, Slope,
Soil pH, Elevation were held fixed at their NFI5 or site-level values.
This assumption of static site conditions and management class is
a simplification and is a limitation of the long-term projections. To
quantify the influence of this assumption, we additionally performed a
counterfactual management-intensity sensitivity analysis, in which the
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Fig. 2. Recursive projection scheme. The XGBoost models are trained once on all available historical data and remain fixed throughout the projection. At each
step, they predict the next Basal Area and Broadleaf Fraction from the current stand state and climate conditions. The predictions become the stand-state inputs
for the following step (orange). Site and management inputs remain fixed throughout (gray), climate summaries and the time interval are updated for each

projection step (blue). The first step uses observed NFI5 values (green).

projections were re-run with Management Intensity held fixed at each
of its three classes for all plots (Appendix E.2.3). To account for the
randomness in the XGBoost model, the entire simulation was run 100
times, each time with a different random seed.

Because XGBoost cannot extrapolate beyond the range of its train-
ing data, we quantified the extrapolation burden of the projections.
For each projection step, we computed the percentage of plots for
which at least one of the eleven climate predictors fell outside the
observed minimum-maximum range of the training data (NFI1-NFI5
under RCP4.5). This diagnostic is reported alongside the projections in
Section 3.4 and indicates how far the projected climate inputs move
outside the conditions seen during training.

3. Results

This section presents the results from the developed model. Sec-
tion 3.1 reports the predictive performance of the model on temporally
held-out inventory transitions. Section 3.4 shows exploratory projec-
tions of future forest development generated with the model under
different climate change scenarios.

3.1. Model performance

Across the held-out evaluations, XGBoost achieved the lowest RMSE
and the highest R? for both target variables (Table 2). For Next Basal
Area, the RMSE of XGBoost was 10.02 m?/ha in the direct NFI3-NFI4
evaluation and 10.46 m?/ha in the direct NFI4-NFI5 evaluation. The
corresponding R? values were 0.691 and 0.660, respectively. When the
model was applied recursively from NFI3 to NFI5, the RMSE increased
to 13.33 m?/ha and the R?> decreased to 0.443, showing the loss of
accuracy when the model is forced to use its own previous prediction
as input. For Next Broadleaf Fraction, the RMSE was 0.11 and 0.12 in
the two direct evaluations, with R? values of 0.925 and 0.906. In the
recursive two-step evaluation, the RMSE increased to 0.15 and the R?
decreased to 0.847.

Compared with Lasso and the persistence baseline, the advantage
of XGBoost was clearest for Next Basal Area. In the direct NFI3-NFI4
evaluation, XGBoost achieved an RMSE of 10.02 m?/ha, compared with
10.87 m?/ha for Lasso and 10.78 m?/ha for the persistence baseline.
In the direct NFI4-NFI5 evaluation, the difference between XGBoost
and Lasso was smaller, with RMSE values of 10.46 and 10.59 m?/ha,
respectively. For Next Broadleaf Fraction, all three models performed
relatively well, but XGBoost still had the lowest RMSE in each of the

three evaluations. The bias of XGBoost was positive for Next Basal Area,
ranging from 1.02 to 2.60 m?/ha, and close to zero for Next Broadleaf
Fraction.

The good performance of the model can be qualitatively confirmed
by plotting the predicted and observed values for the direct NFI4-NFI5
evaluation (Fig. 3). For Next Basal Area, the predictions generally
follow the 1:1 line, but the agreement is weaker for plots with high
observed basal area. This lower accuracy is visible in the upper decile
of observed basal area, where the XGBoost RMSE was 17.85 m2/ha and
the R? was 0.071 in the NFI4-NFI5 evaluation (Table E.21). For Next
Broadleaf Fraction, predicted and observed values show a strong positive
relationship. At the extremes of 0 and 1, there is clustering along the
axes, which is typical for proportions bounded between 0 and 1.

When the two direct one-step evaluations are averaged, XGBoost
achieved an RMSE of 10.24 m?/ha and an R? of 0.676 for Next Basal
Area, and an RMSE of 0.115 and an R? of 0.915 for Next Broadleaf
Fraction (Tables 3 and 4). In this averaged one-step evaluation, the
model performed better for unmanaged plots than for managed plots.
For Next Basal Area, the RMSE was 7.46 m?/ha for unmanaged plots
and 10.57 m?/ha for managed plots. For Next Broadleaf Fraction, the
RMSE was 0.058 for unmanaged plots and 0.127 for managed plots.
Accuracy also varied across vegetation belts. For Next Basal Area, errors
were largest in the Lower Montane (N) and Submontane (N) belts and
smallest in the Upper Subalpine and Hyperinsubric (S) belts. For Next
Broadleaf Fraction, the largest errors occurred in the Submontane (N)
and Lower Montane (N) belts, whereas errors were small in several
high-elevation and southern belts (Tables 3 and 4).

To test whether the RMSE differences between the models were
statistically significant rather than a consequence of spatial sampling
variability, we compared the models using a spatial block bootstrap
(Appendix E.2.4). Across both target variables and all three held-out
evaluations, XGBoost achieved a significantly lower RMSE than both
the persistence baseline and the Lasso regression: all 95% bootstrap
confidence intervals for ARMSE excluded zero, and the conclusions
were stable across block sizes of 10, 20, and 40 km. For Next Basal Area
in the recursive two-step evaluation, for example, XGBoost reduced the
RMSE by 1.30m?2/ha (95% CI [1.03, 1.60]) relative to persistence and
by 1.00m?/ha (95% CI [0.74, 1.27]) relative to Lasso. The advantage
of the linear Lasso over the naive persistence baseline was, in con-
trast, small and inconsistent: it was statistically significant only in the
NFI4-NFI5 evaluation, while its confidence interval included zero in
the NFI3-NFI4 and the recursive NFI3-NFI5 evaluations (Table E.14).
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Table 2

Overview of model performance on held-out inventory-transition evaluations. BA denotes basal area and BF denotes broadleaf
fraction. The first direct evaluation is fitted to the NFI1-NFI2 and NFI2-NFI3 transitions and evaluated on the held-out NFI3-NFI4
transition. The recursive evaluation uses the same fitted model, first predicting NFI4 from NFI3 and then predicting NFI5 from
the predicted NFI4 state. The second direct evaluation is fitted to the NFI1-NFI2, NFI2-NFI3, and NFI3-NFI4 transitions and
evaluated on the held-out NFI4-NFI5 transition.

Training Test Model BA (m?ha™1) BF
RMSE R? Bias RMSE R? Bias

Direct XGBoost 10.02 0.691 1.02 0.11 0.925 0.00
NPTANFI4 Lasso 10.87 0.636 1.98 0.11 0.917 ~0.01
NFI1-NFI2 Persistence 10.78 0.643 ~0.25 0.11 0.915 ~0.01
NFI2-NFI3 Recursive XGBoost 13.33 0.443 2.60 0.15 0.847 0.01
NPT Lasso 14.33 0.356 2.92 0.16 0.837 ~0.01
Persistence 14.63 0.328 ~0.11 0.16 0.831 ~0.01
NFI1-NFI2 Direct XGBoost 10.46 0.660 1.06 0.12 0.906 0.00
NFI2-NFI3 NELANEIS Lasso 10.59 0.651 1.19 0.12 0.903 0.00
NFI3-NFI4 Persistence 11.18 0.611 0.21 0.13 0.899 ~0.01

Table 3

Performance metrics for basal area on the test set. Values are the arithmetic mean of the held-out NFI3-NFI4 evaluation from the model fitted to NFI1-NFI2 and
NFI2-NFI3 transitions and the held-out NFI4-NFI5 evaluation from the model fitted to NFI1-NFI2, NFI2-NFI3, and NFI3-NFI4 transitions. Boldface marks the
lowest RMSE, highest R?, and smallest absolute bias within each row.

Section Group XGBoost Lasso Persistence
RMSE R? Bias RMSE R? Bias RMSE R? Bias
Overall All plots 10.24 0.676 1.04 10.73 0.644 1.59 10.98 0.627 —-0.02
Decile Lower 90% 8.87 0.635 1.09 9.41 0.590 1.91 9.40 0.590 -0.75
Upper decile 18.38 0.131 0.62 18.78 0.094 -1.33 20.23 -0.052 6.58
Management Managed 10.57 0.637 117 11.05 0.604 1.79 11.48 0.572 -0.11
intensity
Rarely managed 11.47 0.618 1.42 11.70 0.602 1.58 12.19 0.568 1.52
Unmanaged 7.46 0.831 0.24 8.43 0.785 0.88 7.46 0.831 -1.10
Vegetation belt Colline with Beech (S) (CO) 7.08 0.832 0.77 8.14 0.776 1.80 6.89 0.841 -0.97
Colline (CO) 7.66 0.714 1.61 8.59 0.634 3.59 7.47 0.728 —-0.06
Submontane (N) (SM) 11.39 0.474 1.85 11.80 0.435 3.07 12.75 0.340 1.49
Lower Montane (N) (LM) 11.78 0.585 1.64 12.13 0.561 1.79 12.88 0.505 1.05
Lower/Upper Montane (S) (MO) 5.99 0.848 -0.12 7.12 0.784 1.09 6.04 0.844 —-2.50
Upper Montane (N) (UM) 10.48 0.686 0.78 10.77 0.669 0.72 10.79 0.666 -0.48
High-Montane (HM) 9.29 0.751 0.46 9.87 0.719 0.94 9.71 0.729 -0.85
Subalpine (SA) 8.52 0.803 0.25 9.47 0.756 0.45 8.64 0.797 -1.47
Upper Subalpine (US) 4.72 0.872 -0.23 6.24 0.779 1.37 5.15 0.846 -2.07
Hyperinsubric (S) (HY) 5.55 0.768 -0.50 6.21 0.703 1.36 5.57 0.763 -2.71
Table 4

Performance metrics for broadleaf fraction on the test set. Values are the arithmetic mean of the held-out NFI3-NFI4 evaluation from the model fitted to NFI1-NFI2
and NFI2-NFI3 transitions and the held-out NFI4-NFI5 evaluation from the model fitted to NFI1-NFI2, NFI2-NFI3, and NFI3-NFI4 transitions. Boldface marks
the lowest RMSE, highest R?, and smallest absolute bias within each row.

Section Group XGBoost Lasso Persistence
RMSE RrR? Bias RMSE RrR? Bias RMSE RrR? Bias
Overall All plots 0.115 0.915 0.002 0.118 0.910 -0.003 0.120 0.907 -0.008
Decile Lower 90% 0.121 0.850 0.006 0.123 0.844 0.003 0.127 0.835 -0.012
Upper decile 0.076 0.112 —-0.019 0.089 —-0.210 —0.031 0.082 —-0.039 0.016
Management Managed 0.127 0.887 0.004 0.131 0.881 0.000 0.135 0.874 -0.009
intensity
Rarely managed 0.111 0.920 0.000 0.115 0.915 —0.008 0.115 0.914 —-0.010
Unmanaged 0.058 0.982 —-0.003 0.063 0.979 -0.011 0.055 0.983 0.000
Vegetation belt Colline with Beech (S) (CO) 0.032 0.916 -0.012 0.047 0.793 -0.029 0.020 0.970 0.002
Colline (CO) 0.089 0.932 —-0.024 0.091 0.929 —0.034 0.090 0.929 —0.026
Submontane (N) (SM) 0.161 0.808 0.000 0.164 0.801 —-0.005 0.170 0.788 -0.017
Lower Montane (N) (LM) 0.140 0.836 0.003 0.146 0.822 -0.004 0.150 0.812 -0.012
Lower/Upper Montane (S) (MO) 0.045 0.979 -0.017 0.063 0.957 —-0.039 0.036 0.986 0.001
Upper Montane (N) (UM) 0.107 0.877 0.004 0.110 0.869 0.002 0.112 0.865 —0.007
High-Montane (HM) 0.068 0.933 0.007 0.068 0.933 0.004 0.067 0.935 0.002
Subalpine (SA) 0.030 0.824 0.005 0.030 0.815 0.003 0.028 0.835 -0.001
Upper Subalpine (US) 0.013 0.763 0.004 0.009 0.861 0.001 0.008 0.893 —0.001
Hyperinsubric (S) (HY) 0.015 -0.207 -0.011 0.029 -1.264 -0.026 0.004 0.444 0.001
3.2. Sensitivity analyses In the leakage-free analysis, the model was fitted only to the
NFI1-NFI2 and NFI2-NFI3 transitions, so that no training target over-
We ran two sensitivity analyses to test whether the main NFI4-NFI5 lapped in time with the NFI4-NFI5 test transition. Its performance on
one-step evaluation (Section 2.5) was robust to potential temporal data the NFI4-NFI5 transition remained close to that of the main model.
leakage and to the choice of climate scenario used for training. For Next Basal Area, the RMSE increased only marginally from 10.46
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Fig. 3. Observed versus predicted values of the XGBoost model evaluated on the NFI4-NFI5 test transition, for Next Basal Area in m? ha™! (a) and Next Broadleaf
Fraction (b). The model was trained on the NFI1-NFI2, NFI2-NFI3, and NFI3-NFI4 transitions under the RCP4.5 climate scenario. The dashed line indicates the
1:1 line of perfect agreement. The horizontal rug at the base of each panel shows the distribution of the respective target variable in the training set.

to 10.54 m?/ha and the R? decreased from 0.660 to 0.655. For Next
Broadleaf Fraction, the RMSE changed from 0.121 to 0.123 and the R?
from 0.906 to 0.903 (Table E.11).

The choice of RCP scenario for training had a similarly negligi-
ble effect. Repeating the same NFI4-NFI5 evaluation with the model
trained under RCP2.6, RCP4.5, or RCP8.5 climate data (fitted to the
NFI1-NFI2, NFI2-NFI3, and NFI3-NFI4 transitions) barely changed the
test performance. For Next Basal Area, the RMSE ranged from 10.460
to 10.463 m?/ha, and for Next Broadleaf Fraction it ranged from 0.121
to 0.122 (Table E.12).

3.3. Feature importance

Feature importance was calculated for the second one-step evalua-
tion, where the models were fitted to the NFI1-NFI2, NFI2-NFI3, and
NFI3-NFI4 transitions and evaluated on NFI4-NFI5. The analysis shows
that the models relied strongly on the current stand state and broad
site gradients. For Next Basal Area, the most important predictor was
the current Basal Area in both the XGBoost and Lasso models (Fig. 4).
XGBoost also assigned relatively high importance to Vegetation Belt and
Time Difference, while Lasso concentrated most of its importance on
Basal Area. For Next Broadleaf Fraction, the most important predictor
was the current Broadleaf Fraction in both models, followed by smaller
contributions from Vegetation Belt and other site variables (Figure
E.12). The climate variables were less important than the stand-state
and site variables, but they still contributed to the XGBoost models.
In these models, the eleven climate variables together accounted for
14.7% of total XGBoost gain for Next Basal Area and 7.4% for Next
Broadleaf Fraction. The largest individual climate variable was Variance
Precipitation Sum, with 2.09% and 2.17% of total gain, respectively. In
the Lasso models, the combined importance of the climate variables
was smaller (3.6% and 1.4%).

3.4. Projected forest development

Projections were generated under three climate scenarios: RCP2.6,
RCP4.5, and RCP8.5. Projections start at the state of the forest at NFI5
(2018-2024) and continue until 2099.

Fig. 5 shows projected mean Basal Area for managed and unman-
aged plots. Unmanaged plots have a higher mean Basal Area than
managed plots throughout the projection period. Mean Basal Area
increases in both management groups under all three climate scenarios,

but the increase is smaller under stronger climate change. Across all
plots, mean Basal Area increases from 32.2 m?/ha at NFI5 to 37.2, 36.4,
and 35.8 m?/ha by 2099 under RCP2.6, RCP4.5, and RCP8.5, respec-
tively. Scenario divergence becomes more pronounced toward the end
of the century. The shaded areas show the range across the seed-specific
mean projections and widen slightly over time, particularly under the
higher-emission scenario RCP8.5.

The lower panel of the projection figures shows how far the climate
inputs move outside the historical training range. This fraction remains
low under RCP2.6 and RCP4.5, reaching about 1% and 3% of plots,
respectively, by the last plotted projection interval. Under RCP8.5,
however, the fraction rises to about 30% by the same interval.

Fig. 6 shows projected changes in mean Basal Area relative to the
starting state at NFI5 for all plots by vegetation belt. The magnitude
and direction of change vary across belts. Under RCP4.5, the small-
est increases by 2099 are projected for the Lower Montane (N) and
Submontane (N) belts, with increases of about 0.5 and 1.1 m2/ha, re-
spectively. The largest increases are projected for the Upper Subalpine
and Lower/Upper Montane (S) belts, with increases of about 11.4 and
10.4 m?/ha, respectively. The broad pattern is similar across climate
scenarios, although RCP8.5 shows smaller increases in several low- to
mid-elevation belts than RCP2.6 or RCP4.5. In the Upper Montane (N)
belt, the RCP8.5 trajectory flattens after about 2059, peaks around
2079, and then decreases slightly toward the end of the projection
period.

The unmanaged-only projection shows a different pattern in the
lower northern belts. In unmanaged plots, mean Basal Area in the
Submontane (N) belt decreases by 6.6, 7.2, and 7.3 m?/ha by 2099
under RCP2.6, RCP4.5, and RCP8.5, respectively. In the Lower Montane
(N) belt, the corresponding decreases are 4.5, 5.9, and 7.1 m?/ha
(Figure F.19). Managed plots in these belts remain above their starting
values, so the all-plot means remain positive.

Broadleaf Fraction is projected to increase across Switzerland under
all three climate scenarios (Figure F.17). Across all plots, the mean
Broadleaf Fraction increases from 0.390 at NFI5 to 0.449, 0.463, and
0.479 by 2099 under RCP2.6, RCP4.5, and RCP8.5, respectively. The
increase is stronger in managed plots than in unmanaged plots. Under
RCP8.5, for example, the mean Broadleaf Fraction in managed plots
increases by 0.112 by 2099, compared with 0.021 in unmanaged
plots. Across vegetation belts, the strongest increase is projected for
the Submontane (N) and Lower Montane (N) belts (Fig. 7). Among
the remaining belts, a clear increase is projected only for the Upper
Montane (N), whereas the other belts remain largely unchanged.
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Fig. 4. Predictor importance for Next Basal Area, computed for the model trained on the NFI1-NFI2, NFI2-NFI3, and NFI3-NFI4 transitions and evaluated on
the NFI4-NFI5 transition under the RCP4.5 climate scenario. XGBoost importance is quantified as the gain metric (average reduction in the regularized training
objective per split; panel a), and Lasso importance as the absolute magnitude of the standardized coefficient (panel b). Both are expressed as a percentage of the
total across all predictors. The fifteen predictors with the highest XGBoost gain are shown. The two measures quantify importance differently, so equal percentages

do not imply equal influence.
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Fig. 5. Projected mean Basal Area (m> ha™!) from 1983 to 2099, disaggregated by Management Intensity: managed plots (solid lines) and unmanaged plots (dashed
lines). The black lines show the historical period (NFI1-NFI5); colored lines show projections under RCP2.6, RCP4.5, and RCP8.5 from the starting state of the
fifth Swiss NFI inventory (2018-2024). Shaded bands indicate the range across 100 simulation runs. The dotted vertical line marks the start of the projection
period. The lower panel shows, for each projected inventory cycle and scenario, the percentage of plots for which at least one of the 11 climate predictors falls
outside the observed minimum-maximum range of the training data (NFI1-NFI5 under RCP4.5).

4. Discussion

In this study, we developed a machine-learning model based on the
XGBoost algorithm to predict two key indicators of forest development,
basal area and broadleaf fraction, from data that national forest inven-
tories routinely collect. We validated the model on temporally held-out
inventory transitions and then applied it recursively to project Swiss
forests until 2099 under three climate scenarios.

Our main finding is that the model predicts the next-inventory state
of a plot accurately for a single inventory step, with high accuracy for
broadleaf fraction and medium accuracy for basal area, using only NFI
and climate data. Because it does not require detailed parameterization,
it is fast to run and can be retrained for other countries with similar
data. The principal limitation is that XGBoost cannot extrapolate be-
yond the range of its training data, and its accuracy declines with each
recursive step. The long-term projections to 2099 should therefore be

read as exploratory projections rather than validated forecasts, and we
use them mainly to compare the direction of change with established
forest models.

4.1. Predictive accuracy and operational benefits

The model achieves a medium R? for basal area and a high R?
for broadleaf fraction in the direct one-step evaluations. This perfor-
mance is partly explained by the strong temporal autocorrelation of
both variables between consecutive inventories (Figure B.9). Consistent
with this, the feature-importance analysis shows that the current basal
area and broadleaf fraction are the most important predictors of their
own future values (Figs. 4 and E.12). Beyond the current stand state,
vegetation belt was one of the most important predictors, especially in
the XGBoost models. This suggests that it captures broad elevational,
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Fig. 6. Projected change in mean Basal Area (m?ha') relative to the starting state of the fifth Swiss NFI inventory (2018-2024), shown separately for each
Vegetation Belt (CO: Colline, SM: Submontane, LM: Lower Montane N, MO: Lower/Upper Montane S, UM: Upper Montane N, HM: High-Montane, SA: Subalpine,
US: Upper Subalpine, HY: Hyperinsubric S) across all plots. Colored lines show the mean change under RCP2.6, RCP4.5, and RCP8.5, averaged over 100 simulation
runs; shaded bands indicate the range across runs. The dashed horizontal line marks zero change. The lower panel shows, for each projected inventory cycle and
scenario, the percentage of plots for which at least one of the 11 climate predictors falls outside the observed minimum-maximum range of the training data per

vegetation belt (NFI1-NFI5 under RCP4.5).

climatic, and ecological gradients across Swiss forests. Individual cli-
mate variables had much lower importance, although their combined
contribution indicates that climate information still added predictive
signal.

Because the current state is so informative, a simple persistence
baseline that carries the observed value forward is already a strong
reference, especially for broadleaf fraction. In the direct NFI4-NFI5
evaluation, persistence alone reaches an R? of 0.899 for broadleaf
fraction, and XGBoost improves this only modestly to 0.906. For basal
area the advantage of XGBoost is larger (R> 0.611 to 0.660). A spatial
block bootstrap confirms that XGBoost has a significantly lower RMSE
than both persistence and Lasso across all held-out evaluations, whereas
Lasso improves on persistence only inconsistently (Table E.14). The
advantage of XGBoost over the linear Lasso is small in the direct one-
step evaluations but grows in the recursive two-step evaluation, where
XGBoost retains more accuracy (basal-area R? 0.443 versus 0.356). For
applications where transparency and direct interpretability are more
important than small gains in predictive accuracy, however, a linear
model may still be preferable.

The model is less accurate for managed plots than for unmanaged
plots. This lower accuracy may reflect unobserved management inter-
ventions, which are not explicitly represented in the model and can
introduce variability beyond what the available predictors capture. For
basal area, the RMSE is 10.57 m?/ha for managed plots compared
with 7.46 m?/ha for unmanaged plots, and for broadleaf fraction it is

10

0.127 compared with 0.058, indicating that both variables are harder
to predict where management is active. A similar pattern was reported
by Tian et al. (2022), who found higher accuracy for unmanaged than
for managed plots when estimating stand volume growth with random
forests.

Model accuracy is also lower for the most densely stocked plots,
with the R? dropping to 0.131 and the RMSE rising to 18.38 m?/ha
in the upper decile of observed basal area (Table 3). The model is
therefore weakest in the over-stocked stands that are of particular
interest for management decisions. Across the full range, however,
the prediction bias is low for both variables, so the model does not
systematically over- or underestimate change. This suggests that the
NFI data were sufficient to calibrate the model well in terms of its mean
response.

Accuracy also varies across vegetation belts. For basal area, the
held-out RMSE rises from 4.72 m?/ha in the Upper Subalpine and about
5-6 m?/ha in the southern belts to 11.39 m?/ha in the Submontane
(N) and 11.78 m?/ha in the Lower Montane (N) belts, and broadleaf
fraction follows the same ordering (Tables 3 and 4). The model is least
accurate in the lower-elevation northern belts, which are also the most
intensively managed, consistent with the lower accuracy for managed
plots noted above. The high-elevation and southern belts, which are
less intensively managed and more strongly dominated by a single
species, are predicted more accurately. However, for broadleaf fraction
in several of these belts, including the Hyperinsubric (S) and Upper
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scenario, the percentage of plots for which at least one of the 11 climate predictors falls outside the observed minimum-maximum range of the training data per

vegetation belt (NFI1-NFI5 under RCP4.5).

Subalpine belts, the persistence baseline performs better than XGBoost
and Lasso (Table 4). For instance, in the Hyperinsubric (S) belt, the
test R? is negative for XGBoost (—0.207) and Lasso (—1.264), while
persistence reaches 0.444. Both models therefore add nothing over the
belt mean, and persistence is the more appropriate reference there.

Based on this performance, we argue that XGBoost and similar tree-
based models are most useful when rapid regional- to national-scale
projections are needed. Compared with process-based models, they are
much faster to set up and run, because they do not require detailed pa-
rameterization of physical and biological processes or of management.
They also learn complex, non-linear relationships between climate,
site conditions, and forest structure directly from data, which can be
difficult to represent explicitly in mechanistic frameworks. The partial
dependence plots for the climate predictors illustrate this flexibility
(Figures E.13 and E.14). However, they remain limited by the quality,
coverage, and stationarity of the training data, and their skill declines
when they are pushed beyond observed conditions; we return to this in
the limitations section.

From a practical perspective, these models can be implemented
with established, publicly available open-source libraries, which lowers
technical barriers and supports reproducibility. The main requirement
is access to a sufficiently long, high-quality time series of inventory
data. For Switzerland this was available through a straightforward
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contractual agreement with the WSL, and comparable NFI datasets
exist and are often accessible in other countries, making the approach
attractive for national-scale analysis.

4.2. Model projections and comparisons

We applied the trained model recursively to project forest devel-
opment to the end of the century. Over the next two decades, mean
basal area increases under all three climate scenarios. Beyond this
period, basal area continues to increase under all scenarios, but more
strongly under the milder scenarios than under RCP8.5. Current climate
trajectories are estimated to lie between RCP4.5 and RCP8.5 (Lee et al.,
2023). Broadleaf fraction is projected to increase under all scenarios,
more strongly under stronger climate change and in managed forests.

The projected changes differ among vegetation belts. Across all
plots, basal area remains above the NFI5 starting value in all belts by
2099, but the increase is weakest in the lower-elevation northern belts,
the Submontane (N) and Lower Montane (N) zones, and strongest at
high elevations (Upper Subalpine and Subalpine) and in the southern
Lower/Upper Montane (S) belt. Under RCP8.5 the increases in the
lower- to mid-elevation northern belts shrink further, and in the Upper
Montane (N) belt basal area peaks around 2079 and then declines
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slightly toward the end of the century. In the unmanaged-only projec-
tions, the Submontane (N) and Lower Montane (N) belts fall below their
NFI5 starting values under all three scenarios.

The increase in broadleaf fraction is concentrated in the same
lower northern belts where basal-area growth is weakest, the Sub-
montane (N), Lower Montane (N), and Upper Montane (N) zones, and
is stronger under stronger warming. The southern and high-elevation
belts change little in species composition, because they are already
broadleaf-dominated or almost purely coniferous and so have little
room to shift.

As noted above, the Submontane (N) belt has the highest prediction
errors, so its projections should be interpreted most cautiously. Yet
the basal-area decline projected for unmanaged plots is consistent with
the greater drought exposure of this low-elevation belt, which could
push the dominant Norway spruce upslope and lower basal area while
alternative species take several decades to migrate in. These remain
hypotheses that could be investigated further in process-based or field
studies.

We compared these projections with two established models for
Swiss forests: the process-based gap model ForClim (Bugmann, 1996)
and the empirical model MASSIMO (Stadelmann et al., 2019), which
represent the state of the art in forest modeling. Because the models
differ in their response variables, spatial units, scenarios, and time
horizons, we restrict the comparison to the direction of change; the
detailed comparison is given in Appendix F.3.

The direction of the elevational gradient agrees with ForClim (Hu-
ber et al., 2021): both models show weakest basal-area development in
the lower northern belts and strongest gains toward higher elevations.
ForClim simulates decreases in basal area, particularly in the submon-
tane and low montane belts. We also find a decrease in unmanaged
and rarely managed plots in these belts, but not in managed plots, for
which exploratory projections remain weakly positive. Note that this
comparison is limited by the different assumptions of the two models.
ForClim simulates managed representative stands and includes process-
based responses to soil conditions and species immigration, whereas
our projection keeps management class and vegetation belt fixed after
NFI5 (see Section 4.3).

The comparison with MASSIMO (Stadelmann et al., 2019; Flury
et al., 2024) points in the same direction. MASSIMO projects an overall
increase in growing stock under a business-as-usual scenario, consistent
with our increasing basal area, and the weakest development in the
Plateau region, which is dominated by the submontane and lower
montane belts where our model also projects the weakest basal-area
increase. Flury et al. (2024) project a rising broadleaf fraction driven
partly by a decline in conifers in the intensively managed Plateau and
Jura forests, which is consistent with the strong broadleaf shift our
model projects in managed plots by 2060 (Figure F.17).

4.3. Limitations and outlook

Static site conditions and management. The model represents forest man-
agement only through past management intensity, which is included
as a categorical predictor; it does not represent future management
scenarios or individual interventions. Site variables, the vegetation belt,
and the management class are held constant after NFI5, while only the
climate variables, basal area, and broadleaf fraction are updated at each
step. Holding these factors constant for 75 years is a simplification,
because factors such as the vegetation belt itself shift in response to
climate change (Zischg et al., 2021). The model is therefore best suited
to regional- to national-scale projections rather than to single plots or
to comparing management strategies.
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Extrapolation and unvalidated recursion. As a tree-based model, XG-
Boost cannot extrapolate beyond its training range (Barnes et al., 2022),
meaning that outside the observed range of a predictor, its response
remains constant rather than extending the underlying trend. The share
of plots with at least one climate predictor outside the training range
stays small under RCP2.6 and RCP4.5 (about 1% and 3% by the end
of the century) but rises to about 30% under RCP8.5 (Fig. 5), so the
RCP8.5 projections in particular move into poorly supported climate
space. In addition, only the one-step prediction, and a single recursive
two-step prediction, could be validated against observed inventories.
Accuracy drops clearly after one extra recursive step (basal-area R?
from 0.660 to 0.443), and the eight steps needed to reach 2099 cannot
be validated with currently available data. The long-term projections
should therefore be treated as exploratory rather than as validated
forecasts.

Mean reversion. A related diagnostic shows that the recursive projec-
tions narrow the spread of basal area across plots over time. This
was quantified as the standard deviation of basal area across plots
within each seed-specific projection. Averaged over the 100 seeds, this
standard deviation falls from 18.15 m?/ha at NFI5 to 8.54, 8.44, and
7.52 m?/ha by 2099 under RCP2.6, RCP4.5, and RCP8.5, respectively.
Such narrowing is the expected behavior of a recursive empirical model
that reverts toward the mean of its training data. The projected mean
trajectories should therefore be read as conditional means under the
fitted model, not as a full account of the variability that disturbance,
mortality, regeneration, or changing management could produce.

Uncertainty and outlook. The reported uncertainty captures two sources:
the randomness of the XGBoost fit and the spread among climate
scenarios. Other sources are not represented. In particular, the data
contain few major disturbances such as windstorms, droughts, and
bark-beetle outbreaks, so the model may not capture changing dis-
turbance regimes; Monte Carlo simulation could be used to add such
sudden changes in forest health and structure. Testing the model
on other temperate forests would help assess its generalizability and
robustness; because it relies on standardized inventory and climate
data, retraining on NFI data from other countries is straightforward.
A non-extrapolating projection framework such as the plot-matching
approach of Van Deusen and Roesch (2013), used in the USDA Forest
Service RPA assessments (Oswalt et al.,, 2019), would be a natural
benchmark for the long-term projections in future work, and space-for-
time substitution (Pickett, 1989) could further help represent responses
to novel conditions.

5. Conclusion

This study developed an ML model based on the XGBoost algorithm
to project forest dynamics in Switzerland. Using data from the Swiss
NFI and CH2018 climate scenarios, the model predicts changes in
basal area and broadleaf fraction through the end of the century.
Projections indicate weaker basal-area development in lower-elevation
belts, including decreases in unmanaged Submontane (N) and Lower
Montane (N) plots, and stronger increases in high-elevation and south-
ern montane belts, while broadleaf fraction is projected to increase
most strongly in the lower northern belts, especially under RCP8.5.
However, these belt-level basal-area differences should be interpreted
alongside the narrowing of basal-area spread across plots, consistent
with mean reversion. These results are broadly consistent in direc-
tion with projections from both a process-based model, ForClim, and
an empirical model, MASSIMO, although direct comparisons are lim-
ited by differences in model structure, target variables, and scenario
definitions.

Overall, our findings demonstrate that machine-learning approaches
can provide computationally efficient, large-scale projections of forest
structure and species composition using widely available inventory
and climate data. Future applications may benefit forest ecosystem
management by considering ecosystem service indicators as response
variables. Future applications may help explore trade-offs and synergies
in forest development.
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