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ABSTRACT

Tree recruitment forms an essential process in forest growth models as it determines the amount and composition
of the next generation of trees and, hence, the provision of forest ecosystem services over long time spans. With
global change and the hereby associated changes in environmental conditions and forest management adapta-
tions, the common static tree recruitment modelling approaches have become largely obsolete and necessitated
the development of more dynamic models. Limited by the availability of data for the parameterisation of tree
recruitment processes, such models have only been developed for single species or national frameworks and
largely failed to detect climatic influences. In this study, we developed a dynamic tree recruitment model for
Europe, utilising National Forest Inventory data from 8 countries with more than 95,000 repeated plot obser-
vations and nearly 138,000 individual tree recruitment events. We investigated the effect of forest management,
forest structure, soil characteristics, nutrient deposition and five groups of weather and climate variables on the
quantity and the species composition of recruiting trees. The climatic groups spanned annual averages, intra
annual averages, annual variability, intra annual extremes and a combination of the aforementioned groups. The
model with the combination of climate and weather variables outperformed all other groups. We found distinct
climatic effects on tree recruitment quantities linked to water limitations and temperature extremes. The results
as such showed that tree recruitment quantities benefit from stable climatic conditions, high precipitation and
suffer from high maximum temperatures. Increasing temperatures also facilitate the share of recruiting broad-
leaves. The recruitment species was largely determined by the lead species in a plot, indicating the importance of
seed limitation. Furthermore, the results confirm the important role of forest structure in tree recruitment and
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enable forest managers to steer the next generation of trees. Especially multi-species stands show a clear
advantage over single species stands regarding tree recruitment quantities and diverse species compositions. Our
research enables dynamic and state-of-the-art recruitment simulations across forests in Europe. It presents a
reproducible method that can be applied to forest simulation modelling frameworks.

1. Introduction

Models of forest dynamics are essential tools to describe, understand
and predict forest dynamics under climate change and alternative
management strategies (Weiskittel et al., 2011; Vanclay, 2014; Bug-
mann and Seidl, 2022). In modelling forest dynamics, key population
processes are recruitment (also referred to as ingrowth), growth and
mortality of trees (Beers, 1962). Of these processes, growth is best un-
derstood and has been studied across a large variety of species and
ecosystems (e.g. Hasenauer, 2006; Pretzsch, 2009; Burkhart and Tome,
2012, Rohner et al., 2018). Mortality has received increased attention in
recent years (e.g. Hiilsmann et al., 2017; Bugmann et al., 2019), after
apprehensive increases of natural tree mortality were observed in many
forest ecosystems around the globe (Allen et al., 2010; Neumann et al.,
2017). As aresult, increased tree mortality has led to increased efforts to
more accurately represent tree mortality and tree recruitment in forest
growth models (e.g. Ledermann, 2002; Zell et al., 2019), as both are
crucial factors for long-term projections of forest dynamics under
changing environmental conditions (Konig et al., 2022).

Sample-based models of forest dynamics are often initialised with
tree diameter distributions originating from forest inventories. Hereby,
tree recruitment is defined as trees that pass the inventory-specific size
threshold (system property of the sampled tree population) over a
defined period of time (model property, Tomppo, 2010). Historically,
tree recruitment was simulated by applying a constant amount of
recruitment trees (Weiskittel et al., 2011), assuming, e.g. sufficient ho-
mogenous natural regeneration after strip-cutting or planting preceding
clearcuts. Such static approaches were sufficiently accurate when
applied to e.g. stand table projections or matrix models in equilibrium
(Vanclay, 1994). However, socioeconomic, political and environmental
changes have promoted forest management shifts towards uneven aged,
multi-species forestry systems in large parts of Europe (FOREST
EUROPE, 2020). In those systems, rotation cycles do not exist anymore
and heterogenous natural regeneration has become a more common
source of forest regeneration (Mason et al., 2022). As a result, transient
rather than equilibrium dynamics have become the rule, reflecting a
broader ecological understanding that emphasizes the importance of
transient states in ecosystem development (McCann, 2000).

Static recruitment models have therefore become less appropriate
and necessitate the development of dynamic approaches that take into
account variability in stand characteristics, forest management and
changing site conditions, usually using regression techniques (Vanclay,
1994). These dynamic models have proven to be more accurate but, like
the static models, would always predict recruitment numbers greater
than zero which does not align with forest survey observations (Shifley
et al., 1993). Furthermore, these models were not able to account for the
large variation that is often observed in tree recruitment data. Tree
recruitment remains a rare event, seemingly random, and does often not
occur in a given period of time. Standard regression models, however,
assume a rather small overdispersion. To tackle this issue, advancements
have been made that simulate tree recruitment in two stochastic steps
where, first, the probability of observing recruitment is modelled, and
second, the amount of recruitment (cf. Adame et al., 2010; Ledermann,
2002). This approach was later refined into zero-inflated models, which
combine the two probability functions of the two-step approach—one
for modelling excess zeros and another for the count process—into a
single framework. This allows for higher model fit and greater param-
eter parsimony by simultaneously estimating the probability of struc-
tural zeros and the count outcomes, providing a more accurate

representation of datasets with many zeros (Fortin and DeBlois, 2007).

Dynamic tree recruitment models have been developed for a selec-
tion of single species (cf. Bravo, et al., 2008; Eerikainen et al., 2014;
Klopcic et al., 2012; Li et al., 2011; Moon et al., 2019; Mugasha et al.,
2017; Yang and Huang, 2015; Zhang et al., 2012) and a few national
modelling frameworks that include multiple species (cf. Ledermann,
2002; Zell et al., 2019; Flury et al., 2024). These national frameworks
have in common that they are applied to forest ecosystems which are
specific to one forest inventory sampling procedure. Applying such a
model to a system with a different sampling procedure may not be
feasible if the predicted recruitment trees’ size threshold is smaller than
that of the sampled trees, or it may introduce biases that compromise
model predictions if the threshold is larger. A dynamic tree recruitment
model, sensitive to the sampling procedure and size threshold of
recruitment trees, has once been developed on a stand level using
multiple regression techniques (Shifley et al., 1993). A large-scale dy-
namic tree recruitment model, sensitive to sampling procedures, does
not exist. Combining data sets would broaden the environmental
gradient, which is essential for enhancing the quantification of climatic
influences on tree recruitment, as these influences have previously been
only weakly detectable (cf. Zell et al., 2019; Kaber et al., 2021; Flury
et al., 2024).

In this study, data from over 95,000 permanent sample plots
collected across eight European countries were utilized, encompassing
various sampling procedures, environmental conditions, and nearly
138,000 individual tree recruitment events. A survey-sensitive, dynamic
recruitment model was parameterized to simulate the count and species
of recruiting trees in a two-step modelling approach, with a specific
focus on previously weakly detectable or undetectable climatic effects
(Kaber et al., 2021; Zell et al., 2019). The influence of forest manage-
ment, forest structure, soil characteristics, nutrient deposition, and five
groups of weather and climate variables, including annual averages,
intra-annual averages, annual variability, intra-annual extremes, and
combinations thereof, were tested on both the quantity and species
composition of recruiting trees. To emphasize climatic and forest
structural effects, species-specific responses were omitted from the
recruitment count model, as their impact diminishes with increasing size
thresholds, unlike in regeneration, and were instead accounted for in the
species model.

The study aimed to accomplish the following objectives: (I) evaluate
the predictive accuracy of recruitment in relation to different sampling
procedures and (II) quantify environmental and management factors
that influence recruitment. By achieving these goals, the research con-
tributes to the development of robust and dynamic simulations of tree
recruitment in European forest surveys. It is tailored towards the
implementation into the European Forest Information Scenario Model
EFISCEN-Space (Lerink et al., 2023; Schelhaas et al., 2018) and presents
a reproducible method that can also be applied to other empirical forest
growth modelling frameworks. This would decrease their specificity to
the sampling method and, hence, increase their applicability and
sensitivity to climate impacts.

2. Materials and methods
2.1. Data
All the data for this study was obtained from repeated forest in-

ventories, mostly National Forest Inventories (NFI, Table 1). For the
Czech Republic, we used the CzechTerra Landscape Inventory (Cienciala
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Table 1

Forest inventory overview per country. Plot overlap refers to the number of
repeatedly measured plots between two subsequent censuses. Tree and
recruitment observations refer to overlapping plots.

Country Census Plot No. of trees  No. of

period overlap recruits
Belgium, Flanders 1997-1999 14,816

2009-2018 689 17,337 4009
Belgium, 1994-2004 13,155

Wallonia

2008-2011 1221 16,927 535
Czech Republic 2008-2009 10,066

2014-2015 344 10,234 86
Finland 1985-1986 48,732

1995 2490 64,596 4719
The Netherlands 2001-2005 24,417

2012-2013 1307 35,496 7327
Poland 2005-2009 518,328

2010-2014 24,365 592,140 62,991
Spain 1986-1996 642,208

1997-2007 46,415 873,015 43,872
Sweden 2003-2008 270,759

2008-2013 13,762 309,963 8570
Switzerland 1993-1996 58,955

2004-2006 4442 63,522 5875
Total 95,035 3584,666 137,984

etal., 2016). From Finland a repeated forest inventory dataset (1985-86
and 1995) from the forest health monitoring network was used, for
details see Makipaa & Heikkinen (2003). The inventory design in Poland
and The Netherlands allows plot sizes to vary between censuses,
depending on the forest age or the number of trees. The tree observa-
tions of those plots were reduced to the minimum observed plot radius
across the censuses and checked for spatial biases by visual inspection
and consultation of the corresponding country experts. All data was put
into a standard format for further processing (Esquivel-Muelbert, in
prep.). One hundred and eighty-two tree species were recorded in the
data set (Supplement 2). Because most species were observed rarely, we
grouped them into species groups following the approach described by
Schelhaas et al. (2018). A group was formed if a species was present in
more than 5 % of the plot observations or formed an important com-
mercial or regional species. Additionally, three rest groups were made
for short-lived broadleaves, long-lived broadleaves and other conifers,
resulting in 19 groups in total (Fig. 1, Supplement 2). Grouping the tree
species allows sufficient amounts of observations in each group for
adequate parameter estimation.

The dataset spans a total of 95,035 repeated plot observations with
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the records of 3.5 M trees of which 137,984 were identified as recruit-
ment trees (Table 1). For some countries more than two observations per
plot were available. In this case we selected the observations that had
the largest overlap in time with the remaining dataset. All forest in-
ventories in our dataset consist of two or more concentric plots with
different radii, except Poland and The Netherlands with a single circular
plot. The size threshold for trees to be included in the sample varies
between 4 and 12 cm diameter at breast height (DBH) among the in-
ventory datasets. In the case of several concentric plots, recruitment
refers to the trees which pass the DBH threshold of the smallest plot.
Trees passing the DBH threshold of the larger plots are referred to as
ongrowth and are not part of this study (Beers, 1962). Country-specific
differences between the size of the smallest plot, the DBH threshold and
the average time interval between two observations are recorded in
Table 2.

The dependent variables, quantity of recruitment trees per plot (n.in)
and the species of recruitment trees (in.sp) were, together with the forest
structural variables, directly derived from the inventory data. Forest
structure was represented by six variables calculated at the first census
at plot level: basal area of living trees per hectare (ba.alive), basal area of
trees removed from the sampled tree population between the censuses
per hectare (ba.dead, cause of death unknown), number of living trees
per hectare (n.ha), distribution of observed basal area per hectare (ba.
skew), lead species in a plot based on the basal area share of living trees
(lead_sp), and forest type, a categorical variable with two levels (forest.
type, single-species stand or multi-species stand depending on the
number of species observed at plot level). For the calculation of unbiased
numerical forest structural variables only trees with a DBH > 12 cm
were used (equal to the largest DBH threshold in the dataset, see
Table 2). Basal area (BA) at tree level was calculated from the DBH

2
measurements using the standard formula: basal area = ﬂ(%") s

where DBH is the diameter at breast height. The total basal area per plot
was obtained by summing the individual tree basal areas within the plot
(for living and dead trees separately). Basal area skewness was calcu-

lated at plot level after Pearson’s coefficient of skewness using the for-
3(Mean—Median)

Standard deviation®

Soil characteristics were derived from the SoilGrids dataset which

consists of nine variables at seven different soil depths with a resolution
of 1 km (Hengl et al., 2014). From the available variables we included
only cation exchange capacity (Forzieri et al., 2021) and the percentage
of silt content at a soil depth of 15 cm (SLTTPT) because of high
collinearity between the variables and between the soil depths. Nutrient
deposition was represented by reduced nitrogen (RedN) from the EMEP

mula: basal area skewness =

Species group

fir spp. . eucalypt spp.
. larch spp. beech
. norway spruce - black locust
. douglas fir . poplar spp.
. scots pine com. + ses. oak
. bl. + bog pine . holm oak

other pines . cork oak

[0 other conifers [ longl. br.leaves
B birch spp. B shortl. br.leaves
chestnut

Sweden Switzerland Wallonia

Fig. 1. Species group composition of tree recruits across countries. A table with percentages per species group and country is presented in Supplement 4.
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Table 2
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Sampling procedures and country-specific recruitment characteristics: DBH threshold, mean plot area and mean time interval between observations of the smallest
circular plot and corresponding mean observed plot tree recruitment and the percentage of plots without tree recruitment. Numbers in brackets show the standard

deviations.

Country DBH threshold [mm] Mean plot area [m2] Mean time interval [years] Mean plot recruitment [trees/plot] Plots without recruitment [%]
Belgium (Flanders) 70 254 (0) 14.5 (2.6) 5.82 15.5
Belgium (Wallonia) 64 64 (0) 10.7 (3.6) 0.44 79.8
Czech Republic 70 28 (0) 5.9 (0.3) 0.25 85.5
Finland 46 100 (0) 9.8 (0.4) 1.9 45.3
Netherlands 50 329 (245) 9.6 (1.6) 5.61 28.3
Poland 70 274 (96) 5(2) 2.59 50.6
Spain 75 79 (0) 11.2 (0.9) 0.95 63
Sweden 40 38 (0) 5(0.2) 0.63 72.8
Switzerland 120 197 (18) 10.9 (1.1) 1.33 54.9

data set at a grid of 50 km? (EMEP, 2021) for which we calculated the
average from 1990 to 2010 (Table 2).

Daily weather data was obtained from the Agri4Cast system (JRC,
2021) with a resolution of 25 km for the period 1985 to 2019. We
extracted monthly values of mean temperature, total precipitation, total
potential evapotranspiration and total radiation to calculate the mean,
minimum, maximum and standard deviation at different temporal

aggregation levels (monthly, warmest quarter, coldest quarter, driest
quarter, wettest quarter and annual) and additionally six weather
indices (Supplement 1). All variables were calculated for the specific
period between two observations at the plot level. A detailed description
is provided in (Schelhaas et al., 2018). The weather variables were
complemented with climatic variables obtained from WorldClim
(Hijmans et al., 2005), GEnS (Metzger et al., 2013), based on

Table 3

Description of response and explanatory variables. In subsequent analyses the base variables were combined separately with the variables from group 1-5. Group 5
forms a combination of uncorrelated variables from group 1-4. The mean and standard deviation are shown before transformation and standardisation. The variables
listed under NFI method were only used to model the quantity of recruitment trees and not the species of recruitment trees.

Category Variable Abbreviation  Unit Mean (+ std)
Base variables Response Number of recruitment trees per plot between two observations n.in n 1.45 (£3.72)
Species group of recruitment trees in.sp class
Inventory Time in decimal years since last observation (modelled as offset) interval years 8.62 (£3.29)
method Plot area of the smallest circular plot (modelled as offset) plot.area m2 133.55 (+109.69)
DBH threshold (dbh) transformed to dbh’ = In(dbh) dbh’ mm 69.45 (+16.74)
Forest structure Stem number of living trees per hectare (n.ha) transformed to n.ha’ = n.ha’ n/ha 403.58 (+£330.57)
log(n.ha+1)
Basal area of living trees per hectare (ba.alive) transformed to ba. ba.alive’ mm?/ha 18.3 (+£14.27)
alive’ = sqrt(ba.alive)
Basal area of removed trees per hectare (ba.dead) transformed to ba.  ba.dead’ mm2/ha 2.51 (£5.73)
dead’ = In(ba.dead+1)
Basal area distribution of living trees calculated as Pearson’s ba.skew index 0.77 (£0.84)
coefficient of skewness
Forest type with two levels (single species stand, multi-species stand)  forest.type class n.mixed = 55,522, n.mono =
39,515
Lead species group in a plot based on basal area (n = 19) lead_sp class
Soil Cation exchange capacity CEC cmol 16.04 (+£3.84)
kg!
Silt content mass fraction SLTPPT % 29.7 (£5.32)
Deposition Deposition of reduced nitrogen RedN mg(N) 516 (+342)
m2
Group 1 Annual Weather Annual average of monthly mean temperatures w_MaT C 10.39 (+£4.05)
averages Total annual precipitation w_TaP mm 555 (£198)
Thornthwaite 1948 humidity index w_ThHUi index 126.94 (£57.18)
Climate Annual actual evapotranspiration c_TaAET mm 505.24 (£99.99)
Group 2 Intra annual Weather Mean monthly temperature of wettest quarter w_MweqT C 12.49 (+£3.09)
averages Mean monthly temperature of warmest quarter w_MwaqT C 19.12 (£3.29)
Mean monthly precipitation of driest quarter w_MdrqP mm 19.71 (£11.63)
Climate Total precipitation for months with mean monthly temperature above ~ ¢_ TmmOP mm 606 (+216)
freezing point
Group 3 Annual Weather Average annual diurnal temperature range w_MaDR C 9.5 (+2)
variability Standard deviation of monthly mean temperature w_SDmT C 6.98 (£1.25)
Standard deviation of monthly precipitation w_SDmP mm 32.63 (£+10.08)
Standard deviation of monthly radiation w_SDmR GIm? 217.96 (+13.96)
Climate Seasonality of precipitation c_seaP mm 31.53 (+11.08)
Seasonality of potential evapotranspiration c_seaPET index 4624 (+637)
Group 4 Intra annual Weather Mean temperature of warmest month w_MAXmT C 20.47 (£3.2)
extremes Precipitation of wettest month w_MAXmP mm 116.49 (+36.46)
Precipitation of driest month w_MINmP mm 9.14 (£7.19)
Climate Minimum precipitation in Dec. Jan. Feb. ¢_MINdjbP mm 46.05 (+25.2)
Group 5 Combined Group 1 Thorntwaite 1948 humidity index, Annual actual evapotranspiration,
selection Group 2 Mean monthly temperature of wettest quarter, Total precipitation for months with mean monthly temperature above freezing point
Group 3 Average annual diurnal temperature range, Standard deviation of monthly mean temperature, Standard deviation of mean radiation,
Seasonality of precipitation, Seasonality of potential evapotranspiration
Group 4 Mean temperature of warmest month, Precipitation of wettest month, Precipitation of driest month
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WorldClim) and CGIAR-CSI (Trabucco et al., 2008; Zorner et al., 2008)
averaged over the period 1950 - 2000 at a resolution of 1 km (Table 3). A
total of 103 biotic and abiotic covariates consisting of forest structural
variables and gridded soil, nutrient deposition, weather and climate
variables were compiled to explain patterns in the quantity and the
species of recruitment trees (full list of considered variables in Supple-
ment 1).

2.2. Statistical analyses

A data-driven model selection approach based on Maximum Likeli-
hood estimates was chosen. This so-called Information-Theoretic Model
Selection (I-T) encourages the examination of multiple alternative
models, contrasting the classical null hypothesis significance testing
(Newland, 2019). This approach enabled the testing of a comprehensive
set of collinear explanatory variables in separate models, facilitating the
exploration of alternative hypotheses. For instance, the investigation
focused on determining whether tree recruitment is primarily driven by
averaged climate variables, climatic variability or if it is influenced to a
greater extent by climatic extremes (maximum and minimum values).

First, base variables were selected that contained only the forest
structural, nitrogen deposition and soil variables (Table 3). An interac-
tion effect was included between the basal area of living trees and stem
density to account for different development stages of the forest. From
the full set of available variables (Supplement 1) a stepwise removal of
variables with a variance inflation factor (VIF, Zuur et al., 2010) larger
than 4 was performed, removing the variable with the largest VIF, first.
The Pearson and Spearman correlation coefficients was additionally
checked between variables to detect potentially remaining collinearity
issues.

Collinearity was highest between the weather and climate variables
because most variables differ only in their spatial and temporal resolu-
tion. For example, the mean annual temperature of the weather dataset
was strongly correlated with the mean annual temperature of the
climate dataset (Pearson correlation coefficient r= 0.96). In case a
variable was present in both datasets, we included the weather variable
due to the higher temporal resolution and the expected direct effect on
tree development. But collinearity was also present within the weather
and the climate datasets. A typical example in the weather dataset is the
mean annual temperature which correlates strongly with the mean
temperature of the warmest quarter of the year (r= 0.95), the standard
deviation of monthly mean temperature (r = -0.72) and the temperature
of the warmest month (r= 0.94). Therefore, we grouped the weather and
climate variables into four groups: annual averages, intra annual aver-
ages, annual variability and intra annual extremes (Supplement 1). The
number of variables in those groups was, in combination with the base
variables, further reduced based on VIF. A fifth group was formed based
on the combined selection of the previous four groups. Final selection of
retained variables in this group was, similar to the previous groups,
based on a stepwise selection based on the VIFs (Table 3).

2.2.1. Modelling the quantity of recruitment trees

Tree recruitment is a rare event, hence, recruitment data is often
zero-inflated (Table 2, Supplement 3). Discrete probability (count) dis-
tributions like the Poisson and Negative Binomial distributions can
generally model data with large zero counts. The Negative Binomial is
more flexible because its probability mass function contains two pa-
rameters in contrast to the Poisson probability mass function with one
parameter. We combined the base variables separately with the five
weather and climate groups (Table 3) and fitted a Poisson and a Nega-
tive Binomial model, resulting in 10 different combinations. In case of
presence of overdispersion (e.g. high number of zeros) we expanded the
Poisson to the zero-inflated Poisson model (Zuur & Ieno, 2012). We
additionally fitted models to the base variables to compare those fits to
models, including climate and weather variables. Thereafter, we per-
formed a backward selection of the full models based on the Akaike

Ecological Modelling 505 (2025) 111112

Information Criteria (AIC; Burnham and Anderson, 2002) to remove
uninformative covariates. We fitted the models with the “glmmTMB”
package (Brooks et al., 2017) in R (Core Team, 2022).

The probability of observing recruitment in a plot increases with plot
size and time between the measurements but decreases with a higher
DBH threshold (cf. Table 3, Fig. 2). The DBH threshold was included as a
covariate to account for differences between NFIs, while plot area and
time interval between observations were included as offsets. An offset
assumes a coefficient of 1 to ensure a proportional effect or to maintain a
rate. Efforts to account for country-specific sampling methods by
incorporating a random effect at the country level or by defining plot
area and interval as fixed factors with an interaction effect between
them, as recommended by Feng (2022), failed to reduce residual pat-
terns or enhance model fit. All forest structural variables were normal-
ised using transformations (cf. Table 3). Due to the non-linear
relationship between standardized plot recruitment and increasing
diameter thresholds (cf. Fig. 2), we compared a logarithmic model (log
(x)) and a square root model (sqrt(x)), using least-squares regression.
The logarithmic model provided a better fit, with a lower RMSE
(1.1707) compared to the square root model (RMSE: 1.2337). Based on
these results, we describe the relationship as a logarithmic decline and
have included the log-transformed diameter threshold in the analysis. To
prevent computational problems while fitting the models, all covariates
were scaled to a mean of 0 and a standard deviation of 1. The regression
equation is represented as

log(y) = By + Brx1+ foxa+ ... + Pt

log(plot.area) + log(interval) + ¢,

where y represents the recruitment abundance, modelling the mean of a
Poisson distribution or a Negative Binomial distribution with a log-link
function. xj, ... xx denote the k covariates and ¢ the independent and
identically distributed error term. Furthermore, in the context of zero-
inflated models, the probability of a zero, denoted with =, is modelled
with

108(%) = b + b+ Poxat .. + Pt

log(plot.area) + log(interval) + e.

The significance of model parameters was assessed using the Wald
test, which evaluates the contribution of each predictor to the model fit
based on its estimated coefficient and standard error (Bolker et al.,
2009). To evaluate the model, we generated 1000 random datasets from
the fitted model’s distribution and compared their distributions to the
observed data, assessing the model’s ability to accurately capture
recruitment dynamics. The model was validated using bootstrapped
cross-validation with 100 resamples based on deviance residuals
calculated with the R-Package “DHARMa” (Hartig, 2024). This approach
allows to assess the model’s robustness, providing a measure of its
performance on unseen data (Zuur and Ieno, 2012).

2.2.2. Modelling the species composition of recruitment trees

We fitted a multinomial logistic regression model (MLRM) to model
the probabilities of each of the 19 recruitment species groups (cf. Zell
et al. 2019). MLRMs optimize the regression equation for each group
simultaneously. The probability pi of observing species group i with
reference category J is given as:

eXP(ﬁi.o + Bix1 + Pigxat... + ﬂi‘lxk)

bi = -
1+ Yl exp (Bio + BaXi+ BioXa + ... + fi1%)
And the probability to be in the reference category is given as:
1
ps=

1+ Z,Cfexp (ﬂi,o + Bixi+ Pioxa+ ..+ ﬂj,lxk)
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Fig. 2. Average observed (triangles) and standardised (dots) plot recruitment per country over country-specific diameter thresholds. Plot recruitment was stan-
dardized by adjusting for differences in plot size and time interval. Recruitment values were scaled to a reference plot size of 500 m? and a 5-year time period. After
standardizing all plots, the recruitment data were averaged across the entire country. The relationship between the standardised average plot recruitment and the
DBH threshold can be approximated with a negative log function (logistic regression line and 95 % confidence intervals: black lines).

where f; the species group specific regression coefficients, and xy, ..., Xk
the covariates. We calculated the probability of each species group
relative with these equations. The exponentiated linear combination of
the regression coefficients and covariates in the numerator represents
the odds of the specific outcome occurring, and the denominator ensures
the probabilities sum up to 1 across all outcome categories.

Even though model assumptions regarding collinearity are more
relaxed in MLRs, we fitted a separate model for each of the five weather
and climate groups (cf. Table 3). In contrast to the discrete probability
distributions used for the quantity of tree recruits, variables linked to the
sampling design were removed due to perfect separation between the
species groups which would lead to a violation of MLRM model as-
sumptions. Uninformative covariates were removed based on the AIC
(Burnham and Anderson, 2002). The models were fitted using the
function “multinom” from the “nnet” package (Venables and Ripley,
2002). The final model was validated using 10-fold cross-validation to
assess its predictive robustness (Arlot and Celisse, 2010).

To gain insights into the effects of the numerical covariates across the
entire dataset, we estimated the average marginal effects (AMEs) in the
species model. This was achieved using numerical perturbation by
adding a small value (6 = 1 x 107°) to each covariate. Predicted
probabilities were computed for both the original and perturbed data,
and the change in probabilities was divided by & to approximate the
marginal effect. The results were then averaged across all observations,
representing the change in predicted probability per one standardized
unit change in the covariate. The categorical variables, forest type and
lead species group, were retained as observed in the data (cf. Fig. 5).

3. Results
3.1. Recruitment count model

The Poisson models were unable to account for the observed zero-
inflation of recruitment counts in the dataset (Table 4). The zero-
inflated Poisson models reproduced the number of zeros best but were
outperformed by the Negative Binomial models in all 5 model cate-
gories. Because the Negative Binomial models were able to handle the
dispersion of the data, those models were not extended to zero-inflated
models. In general, differences between the performances of the 5 model
groups was small (Table 4). Based on the AIC, the best performing model

Table 4

Performance overview of the recruitment count models: the number of factors
retained in the model (for the zero-inflated models the number of variables are
split up into the conditional model and the zero-inflation model in brackets); the
Akaike Information Criteria (based on the maximum likelihood); the AIC dif-
ferences to the lowest AIC; and the ratio between the average number of zeros in
1000 simulated datasets and the observed number of zeros (56,893).

Distribution Factors  AIC deltaAIC  Zeros
Base model Forest Poisson 9 407,439 143,825 0.66
structure Zero inflated 9(8) 337,648 74,034 1.00
Poisson
Negative 9 266,636 3022 1.01
Binomial
Model 1 Annual Poisson 15 397,239 133,625 0.67
averages Zero inflated 14 (12) 331,822 68,163 1.00
Poisson
Negative 13 264,686 1072 1.01
Binomial
Model 2 Intra Poisson 15 391,907 128,293 0.69
annual averages Zero inflated 13(12) 327,513 63,899 1.00
Poisson
Negative 14 264,054 440 1.01
Binomial
Model 3 Annual Poisson 16 395,035 131,421 0.68
variability Zero inflated 16 (14) 329,111 65,497 1.00
Poisson
Negative 15 264,504 890 1.01
Binomial
Model 4 Intra Poisson 15 396,786 133,172 0.68
annual extremes Zero inflated 15(11) 330,480 66,866 1.00
Poisson
Negative 14 264,653 1039 1.01
Binomial
Model 5 Combined Poisson 18 390,049 126,435 0.69
selection Zero inflated 19 (16) 325,985 62,371 1.00
Poisson
Negative 17 263,614 0 1.01
Binomial

was group 5 with a Negative Binomial distribution (Table 4). The model
did not fit to all countries equally well (cf. Supplement 3). Further re-
sults are shown for group 5, the results of group 1-4 are recorded in
Supplement 5. The semivariance of the model was low, indicating no
issues with spatial autocorrelation of the residuals (see semivariogram in
Supplement 6). The results of the bootstrapped cross-validation showed
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an average deviance residual of 0.496, indicating that the model pre-
dictions align well with the observed data. The bias (-0.00027) was
nearly negligible, suggesting that the model does not systematically
overestimate or underestimate predictions. Additionally, the standard
error (0.00063) was very low, reflecting high consistency across the
bootstrap resamples and confirming that the model provides stable and
reliable estimates. These results support the robustness of the model and
its ability to generalize to new data.

Except for the lead species group and skewness of basal area, all
forest structural variables (forest.type, n.ha’, ba.alive’, ba.dead’) as well
as soil and depositions variables (CEC, SLTPPT, RedN) were informative
(Table 5). From eleven climate and weather variables, seven were
retained. Those variables originated from all four weather and climate
categories (cf. Table 3). Total annual actual evapotranspiration
(c_TaAET), total precipitation for months with a mean temperature
above freezing point (c. TmmoOP), the standard deviation of monthly
mean temperature (w. SDmT), and monthly mean radiation (w SDmR)
did not improve model performance and were removed from the final
model.

The small differences between the performances of the five models
(Table 4) in combination with the effect size of the parameters (Table 5)
shows that the number of recruitment trees is largely determined by
forest structure. The strongest effect was found for the basal area of
living trees and the stem density. Both function as a proxy for stand
density, controlling the amount of resources available for the regener-
ation, such as light, water and nutrients.

The largest effects of weather and climate variables were found for
variability and extremes of temperature and precipitation (cf. Table 5,
Fig. 3K-P). The results illustrate the sensitivity of tree recruitment to

Table 5

Coefficients of the tree recruitment count model 5 (combined variables, using a
Negative Binomial distribution). Confidence intervals and p-values were
computed using a Wald-test.

Category Variable Coefficient 95 % CI Pr (>|
z[)
Forest forest.type (multi-species -6.703 [-6.722, <
structure stand, Intercept) -6.684] 0.001
ba.alive’ (square root -1.202 [-1.224, <
transformed) -1.180] 0.001
ba_dead’ (log transformed) -0.322 [-0.335, <
-0.309]1 0.001
forest.type (single-species -0.779 [-0.807, <
stand) -0.751] 0.001
n.ha’ (log transformed) 1.182 [1.151, <
1.213] 0.001
ba.alive’ X n.ha’ 0.344 [0.330, <
0.358] 0.001
Inventory DBH threshold (log -0.123 [-0.144, <
method transformed) -0.102] 0.001
Soil and Deposition of reduced 0.052 [0.035, <
deposition nitrogen 0.069] 0.001
Cation exchange capacity -0.116 [-0.134, <
-0.098] 0.001
Silt content 0.063 [0.046, <
0.08] 0.001
Weather and Thornthwaite 1948 -0.101 [-0.12, <
climate humidity index -0.082] 0.001
Average annual diurnal -0.093 [-0.116, <
temperature range -0.07] 0.001
Mean monthly 0.224 [0.204, <
temperature of wettest 0.243] 0.001
quarter
Mean temperature of -0.245 [-0.268, <
warmest month -0.222] 0.001
Precipitation of wettest 0.22 [0.201, <
month 0.239] 0.001
Seasonality of -0.204 [-0.224, <
precipitation -0.184] 0.001
Seasonality of potential 0.052 [0.033, <
evapotranspiration 0.07] 0.001

Ecological Modelling 505 (2025) 111112

temperature and precipitation. While higher temperatures in the wettest
quarter in the year facilitate recruitment, higher mean temperatures of
the warmest month (observed during summer) limit recruitment.
Further, higher numbers of tree recruits are expected with increasing
precipitation of the wettest month. High precipitation seasonality,
however, reduces the amount of expected recruitment.

3.2. Species model

Similar to the recruitment count model, the performance of the five
multinomial logistic regression models differed strongly between Model
5 and the remaining models (Table 6). None of the models with distinct
climate and weather groups outperformed another regarding accuracy.
Model 5, which included a combination of variables from Model 1-4,
performed best and was further investigated (Table 6). The average
accuracy from the cross-validation was 65.18, while the full model
trained on the entire dataset achieved a slightly higher accuracy of
65.37. The minimal difference between these values (0.19) indicates
that the model generalizes well and is not overfitting to the training
data. This consistency between the cross-validated performance and the
full model performance highlights the model’s predictive robustness.
The full set of parameters is reported in Supplement 7. The most
important set of variables to predict the species probabilities was forest
structure, particularly the lead species of a plot, followed by weather
and climate variables (Fig. 4, Supplement 7).

The largest contribution of a single variable to predict the recruit-
ment species probabilities in a plot was the leading species group. The
recruitment probability was highest for the leading species group in that
plot (see also Supplement 7), showing that seed limitations play the most
important role for species recruitment. This is also reflected in the effect
of the categorical variable forest.type. The share of broad-leaved species
and the diversity of recruiting species in general was higher in multi-
species stands compared to single species stands, independent from
weather and forest structural variables (Fig. 4A.1). An example of the
model’s sensitivity to climate is given in Fig. 4B1l. The recruitment
probability of Picea abies, for instance, declines from over 75 % at a
mean temperature of the warmest month of 10 °C to below 20 % at 25 °C
in spruce-dominated forests, a trend that was present across all shown
leading species groups. Thermophilic tree species profited from higher
temperatures such as Robinia pseudoacacia and Abies species. The share
of broad-leaved tree species groups increased consistently with
increasing temperatures across all leading species groups. Upon closer
examination of the effect of forest structural variables, we observe clear
differences in recruitment probabilities between shade-tolerant and
pioneer species under varying stand densities. Shade-tolerant species
such as Abies alba and moderately shade-tolerant species like Picea abies
and Fagus sylvatica show higher recruitment probabilities with
increasing basal area, while pioneer species like Pinus sylvestris and
Betula species benefit from lower basal area values (cf. Fig. 4C.1 &
Fig. 5).

4. Discussion
4.1. Climatic constraints of tree recruitment

Even though strong evidence of climatic effects on tree regeneration
processes is present, few studies have investigated such effects in the
context of tree recruitment (Price et al., 2001; Konig et al., 2022). Zell
et al. (2019) and Kaber et al. (2021) provide rare examples of tree
recruitment modelling in combination with climate. Nevertheless, both
studies found weak climatic effects. Kaber et al. (2021) provide three
possible explanations which we shortly introduce here to further the
discussion on tree recruitment responses to climate and potential shifts
under climate change: (1) geographic ranges of the study areas are
usually small which may result in insufficient variation among climate
variables and, hence, the lack of significant effects; (2) ontogenetic shifts
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Fig. 3. Simulation results of the final Negative Binomial recruitment count model.
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A) Observed (black) and simulated plot recruitment (green = Negative Binomial)

with standard errors. Plot recruitment was derived from the average of 1000 simulated datasets. B-P) Expected recruitment count (mean of the Negative Binomial
distribution) on 500 m? and a 5-year period. B) Expected recruitment count over diameter threshold for mixed forests (solid line) and monocultures (dotted line). C)
Visualisation of interaction effect between basal area and stem density on the expected recruitment counts. Dots show observed plot values. D-P) Expected
recruitment count over the 1-99 % percentiles of retained variables. Predictions are shown for the two levels of forest type and two diameter thresholds (40 mm =

black, 100 mm = yellow).

Table 6

Model performances of the different species models. The null model contains
only an intercept. Given are the effective degrees of freedom (EDF) together with
the Akaike Information Criterion (AIC) and the model accuracy. Model accuracy
was assessed with 10-fold cross-validation.

EDF AIC deltaAIC Accuracy
Model 1 Annual averages 558 310646 6444 64.76
Model 2 Intra annual averages 558 311477 7275 64.60
Model 3 Annual variability 594 311952 7750 64.81
Model 4 Intra annual extremes 558 312831 8629 64.65
Model 5 Combination 684 304202 0 65.37

at young tree ages, meaning that trees may regenerate sensitive to
climate but die off before they reach the required size threshold to be
recorded as recruits; (3) micro-climate is more important than the
climate outside the forest stand.

The strong and consistent climate effects, found in this study,

supports the hypothesis of insufficient geographical coverage in past
studies for the detection of significant climatic influence. The range of
the 2.5th and 97.5th percentile of mean annual temperature in this
study, for instance, is almost twice as large as the range covered by Zell
et al. (2019). Combining forest data across countries is essential to
broaden the range of environmental factors, which allows for a more
robust quantification of their effects. Analysing each country separately
would limit this capability due to the narrower environmental ranges
within individual countries (see Supplement 8 for country-specific
ranges of environmental covariates).

Our information-theoretic approach revealed that none of the
distinct climate variable groups outperformed another and that the best
model performance was achieved by the combined group. Collinearity
between the groups in combination with the spatial resolution was
assumed to be too high to detect large differences. Alternatively, all
groups may contain equally influential variables that describe driving
recruitment processes. The chosen combination of variables from



L.A. Konig et al.

A.1 Lead species group
100

0.

S
o

o
by
3

°
)
b

0.00
1.00

probability

= " r - = e o = - 2
] & £ g 2 3 [ < & g
@ o a o 1 4 55 2 o @
2 = = 2 @ g = S a s
£ 8 % S @ 8 32 > ¥
a + = * s 3
- 2 E 3
3 E H
o
B.1 Mean temperature of warmest month
beech com. + ses. oak

probability

Species group
. fir spp.

! . larch spp.
W s
B cougias e
. scots pine
. bl. + bog pine
[ other pines

holm oak
larch spp.

100- - - -
000- - - -
15 20 25 15 20 25 15 20 25 15 20 25

Ecological Modelling 505 (2025) 111112

15010} paxiw

other conifers

B virensop.
chestnut

. eucalypt spp.

[ beeen

. black locust.

[ postar spp.
com. + ses. oak

. holm oak

. cork oak

. longl. brJeaves

B short.brieaves

anynoouow

longl. br.leaves
norway spruce
other conifers
other pines
poplar spp.
scots pine
shortl. br.leaves

norway spruce scots pine

15810} paxIW

aimnaouowt

B.2 Mean temperature of warmest month [°C]

%‘ 06
0,4J . l ‘ .
=
@ 02 _A
T oo
15 20 25 15 20

C.1 Basal area

beech com. + ses. oak

probabm(y
2o
23

25 15 20 25

norway spruce scots pine

3sal0) paxiw

aimjnaououl

100

Basal area 01I|V|ng trees [m ha ]

2003
2 002
mnm

DU(]

Fig. 4. Predicted species group probabilities for three variables of the species model 5 (A.1, B.1, C.1) for both forest types (mixed forest, monoculture). The effects of
continuous variables on the predicted probabilities are shown for four levels of the categorical variable lead species (main timber species in Europe: beech, common
and sessile oak, Norway spruce, Scots pine) while setting all other continuous variables to their mean. B.2 presents the distribution of maximum monthly temperature
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different groups preserves the potential to capture the Ilatter
explanation.

The results indicate that variables linked to drought and water lim-
itations have a substantial effect on recruitment densities and species
compositions. Higher recruitment densities are found in areas with high

and stable rainfall conditions. Further, while high temperatures in the
wettest quarter of the year promote tree recruitment, high maximum
temperatures form a limiting factor. Those patterns could be explained
by processes linked to altered growth performances and mortality rates.
Higher winter temperatures have been linked to higher growth rates of
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adult trees (cf. Graumlich, 1991; Harvey et al., 2020; St George et al.,
2010) which could have a positive effect on seed production (Koenig and
Knops, 2000; Miiller-Haubold et al., 2015). Simultaneously, young trees
likely also benefit from better growth conditions due to increased
resistance to natural disturbances while reaching the required size
threshold in shorter time spans. The effects of maximum temperature
and precipitation indicate that elevated mortality rates occur under dry
conditions and strongly drive tree recruitment densities (Ibanez et al.,
2007) but also shift the ratio between conifers and broadleaves. This is
partly caused by the decline of Picea abies with increasing temperatures
due to its vulnerability to drought due to its shallow root system
(Lévesque et al., 2013). In contrast, many broadleaved species have
deeper roots and more adaptive water management strategies, allowing
them to survive and regenerate better under drier conditions (Kunz
et al., 2018), thus giving them a competitive advantage in recruitment as
temperatures rise and increasing their share among the recruits (cf.
Figs. 4B.1 & 5).

4.2. Ecological or demographic process? The confounding effects of forest
structure on tree recruitment

There is widespread agreement on the effects of forest structure on
tree recruitment. The strongest influence is commonly found for the
basal area of living trees (cf. Klopcic et al., 2012; Mugasha et al., 2017;
Yang and Huang, 2015) which serves as a proxy for stand density and,
hence, resource competition (Casper and Jackson, 1997; Feldmann
et al., 2018). High values of basal area are usually associated with the
presence of large trees and dense canopies. Such structures limit the
availability of essential resources for successful tree regeneration like
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the amount of light reaching the forest ground (Binkley et al., 2013; Kara
and Topacoglu, 2018; Willson et al., 2020) and soil moisture (Dalsgaard,
2007; Marryanna et al., 2019; Metzger et al., 2017). However, the
interpretation of forest structural variables demands caution. Not all
forest structural variables follow ecological expectations but represent
demographic processes. As pointed out by Kaber et al. (2021) and Zell
et al. (2019), the effect of basal area must be considered in combination
with stem density. The combination of the two provides a good estimate
for the development stage of a forest stand (Feldmann et al., 2018).
While high basal area values and low stem numbers sketch the structure
of mature and dense forest stands, low basal area and low stem number
represents a young stand with high abundance of resources for tree
regeneration.

Whereas forest ecologists would expect a negative effect of
increasing stem density on the number of recruitment trees due to higher
resource competition, the effect is positive (cf. Fig. 3C&E, Kaber et al.,
2021; Zell et al., 2019). Due to the lack of an ecological explanation, it is
more obvious that the predicted increase of recruitment trees is linked to
its demography. Recruitment trees have already successfully passed the
vulnerable stages of tree seedlings and saplings (tree regeneration). Only
years later, some of the regenerated trees may pass the size threshold to
be recorded as recruitment, causing high stem densities at the plot level.
However, more trees may yet just be below the threshold and pass the
size threshold only in the subsequent observation which results in high
recruitment under high stem densities. Stem density therefore forms a
demographic process rather than an ecological one and does not represent
the environmental conditions of the presence but shows that the envi-
ronmental conditions in the past must have been favourable for the
establishment of tree regeneration. This explanation is supported by the
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fact that the stem density effect weakens with increasing basal area,
hence, is only present in young forests (Fig. 3C). Even so, stem density
forms a valuable variable in the context of recruitment modelling, not
only because of its predictive power, but also because it ensures an
ecologically correct interpretation of the basal area effect. Lastly, using
stem density as driver of tree recruitment in a forest growth model re-
quires the presence of a well-functioning mortality submodule that
limits stem densities in relation to stand density (Pretzsch and Biber,
2005) to prevent the development of unrealistic forest structures in
simulation studies.

A similar but less pronounced effect is found for the basal area of
dead trees. While the ecological expectation of reduced stand density
indicated by a high presence of dead trees would cause higher recruit-
ment rates, the opposite was found. The most likely explanation is that
the time delay between favourable conditions (lower basal area) and the
presence of tree recruitment is too large to be captured between two
consecutive plot observations. Recruitment trees regenerate years
before they are measured. Hence, high basal areas of dead trees are more
likely observed in dense stands with poor recruitment conditions and
may cause a recruitment increase only later. Zell et al. (2019), who
investigated the proportion of harvested basal area, directly accounted
for the relationship between removed and living basal area and found
only a weak positive effect. Within a few years, more than two consec-
utive plot observations will be available from National Forest In-
ventories which enables the investigation of effects of harvesting and
mortality events further in the past. For now, an alternative explanation
for the weak effect of basal area reduction could be linked to
species-specific regeneration strategies. Shade-tolerant species tend to
maintain seedling banks, meaning that a viable population of seedlings
is available at all times. In case of unfavourable growing conditions,
those seedlings die off and are replaced with a new population of
seedlings in the subsequent year (lida and Masaki, 2002; Shugart, 1984).
If the growing conditions improve slightly, those seedlings grow into
saplings which can persist for long time spans under unfavourable
conditions. Low levels of basal area removal may already be sufficient to
provide the resources needed for successful regeneration of
shade-tolerant species. If stand density decreases fast, light-demanding
pioneer species, dominantly relying on seed banks in the forest soil or
cones, are outperforming shade-tolerant species and able to quickly
colonise the new site (Tiebel et al., 2018). Given that tree regeneration
may occur under both low and high levels of basal area reduction may
explain the minor effect we found, as recruitment is possible under a
wide range of stand density changes. While the regeneration density
under light conditions is expected to be higher than that under shade,
the recruitment density seems to equalise throughout stand develop-
ment (Feldmann et al., 2018; Glatthorn et al., 2018; Pretzsch, 2009), so
that no major recruitment density differences can be observed between
the two situations. Kaber et al. (2021) incorporated the level of light
availability on the forest floor in their recruitment model and found
distinct effects depending on the species’ shade-tolerance which
decreased with increasing tree size and coincides with our results that
show species-specific recruitment success depending on the stand den-
sity (cf. Fig. 4C.1).

Lastly, the expectation of higher shares of broadleaved species in
mixed forests compared to monocultures can be attributed to two main
factors. First, niche differentiation allows diverse tree species to regen-
erate more effectively by reducing competition for resources such as
light, water, and nutrients (Yan et al., 2015). This resource partitioning
enables broadleaved and coniferous species to occupy distinct ecological
roles, fostering denser and more successful regeneration (cf. Fig. 3). By
optimizing resource use through these complementary niches, mixed
stands support more vigorous recruitment than monocultures. Addi-
tionally, seed limitations contribute to this trend (Gilbert and Lecho-
wicz, 2004). In mixed stands, where multiple species coexist,
broadleaved trees, especially the long-lived species group, have a nu-
merical advantage. This group alone includes over 30 species, many of
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which hold economic value, suggesting that forest management prac-
tices may also play a role in promoting their regeneration (Supplement
2, Fig. 4).

4.3. Moderate influence of soil and nutrients on tree recruitment

The effects of soil variables on tree recruitment have rarely been
studied in the context of tree recruitment modelling (cf. Kaber et al.,
2021; Zell et al., 2019). Base research on tree regeneration processes,
however, revealed strong effects of soil moisture and nutrient avail-
ability on seedling regeneration and forest dynamics (Catovsky et al.,
2002). Increased nitrogen availability, for instance, improves the
growth performance of trees (Rohner et al., 2018) and leads to higher
seed production rates. Nevertheless, the increased abundance of seeds is
not necessarily converted into higher tree recruitment because of higher
seed predation (Bogdziewicz et al., 2017) and seedling mortality, even
though sapling growth shows positive effects (Catovsky and Bazzaz,
2002). The only weak positive effects of nitrogen deposition, cation
exchange capacity and silt content found in this study are in line with the
findings of Zell et al. (2019) and could be caused by a combination of
missing species interactions (Proll et al., 2011) and the use of gridded
soil and nutrient deposition data. Gridded data was required to achieve
full coverage over the whole study area but might only roughly indicate
the actual situation in a plot. Small-scale differences of soil factors might
have a stronger influence on micro-habitats and, hence, the chance to
observe tree recruitment.

The slightly positive effect of silt content, found in the present study,
likely serves as an indicator of plant available water in the soil. The
water holding capacity increases with silt content (Jabro et al., 2009)
which may reduce drought stress of young trees and result in higher
recruitment rates. Cation exchange capacity, however, revealed a
counterintuitive effect. A negative effect on the density of tree recruits
was found with increasing CEC. While CEC is a measure of nutrient
availability for plant uptake and should subsequently promote tree
performance and recruitment, a similar effect was found in a study on
tree regeneration in Vietnam (Pham et al, 2022). The authors
hypothesise that the positive relationship could be caused by a meth-
odological artefact related to the soil depth at which CEC was measured
which may not represent the real conditions of CEC. However, under the
premise that a similar directional effect was found in our study, we
propose an alternative explanation for the negative relationship.
Increasing CEC may lead to increased competition with the herbaceous
layer which also benefits from higher CEC (van der Waal et al., 2009)
which in return causes positive feedback on ungulate densities and
hence browsing pressure due to more nutritious foliage (Bowyer et al.,
2014). A simulation study by Thrippleton et al. (2018) suggests that the
effects of competition with the herbaceous layer in combination with
browsing in European forests may lead to arrested forest succession. In
summary, it is likely a combined effect, with nutrient-rich foliage
enhancing browsing intensity, while competition with the herbaceous
layer also significantly limits recruitment success. Overall, soil and
nutrient related factors should receive more attention in further research
with a focus on species-specific effects.

4.4. Constraints and ways forward for tree recruitment modelling across
forest inventories

We acknowledge that the grouping of species in our model does not
follow a biological rationale but rather reflects the commercial impor-
tance and frequency of the species groups, as this structure aligns with
the forest resource model EFISCEN-Space. While this approach supports
the model’s current application, it mixes species with different regen-
eration biology, potentially affecting model performance, particularly
for the rest groups "other conifers," "long-lived broadleaves," and "short-
lived broadleaves." Future research should explore refined groupings
based on taxonomical, ecological, or life history characteristics to better
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capture species-specific recruitment dynamics and improve model
accuracy.

The inconsistencies between survey methods regarding the time
between the measurements, plot area and the measured tree sample
(defined by the diameter threshold) evidently influences the amount of
quantified tree recruitment (the actual amount of tree recruitment re-
mains the same regardless of the threshold, but the amount of tree
recruitment that is measured varies depending on the threshold used; cf.
Tables 2 & 5). While the assumption of a proportional relationship be-
tween the measured plot area and the number of recruitment trees is
reasonable, for time it likely only holds true under the premise that the
values are not too widely distributed. More practically, given an
observation of two recruitment trees on 250 m?, it is acceptable to as-
sume four recruitment trees on 500 m?. Similarly, observing two
recruitment trees in a five-year interval and assuming four recruitment
trees in ten years is also acceptable. With increasing time between the
measurements and subsequent proceeding stand development, however,
it becomes more likely that some of the recruitment trees have been
subject to harvesting or natural mortality. Further, with increasing time
intervals, the relationship between tree recruitment and forest structural
variables may weaken. Hence, if the time intervals become too extreme,
the assumption of a proportional relationships between time or forest
structural variable and the number of recruitment trees is increasingly
compromised. The time intervals in this study were, with few excep-
tions, within ten years around the mean. Therefore, plot area and time
interval were both modelled as offsets. However, adverse fits were found
for Flanders and The Netherlands that resulted in undesired residual
patterns (Supplement 3). While the expected effect of the diameter
threshold was well captured (cf. Figs. 2, 3B), the remaining two factors
of the sampling methods (plot area and time interval), set as offsets,
were unable to capture the combined effect.

A more promising alternative to solve the described issues could be
the application of non-discrete probability distributions after harmo-
nising tree recruitment observations over time interval and plot area.
The two major advantages are the prevention of collinearity issues be-
tween sampling variables and, with preceding interpolation, the ease of
assumptions on plots where no recruitment was observed. While
observed zeros stay always zeros, independent from the harmonisation
method, interpolated recruitment rates stay within the limits of known
plot areas and time intervals, in contrast to extrapolated rates. More
practical, while it is unlikely that an observed zero on a 50 m? plot re-
mains a zero if one hectare was observed, it is plausible and supported
by the actual observation that it stays a zero on one square metre. Pre-
ceding interpolation to annual recruitment rates per square metre (or
minimum observed time intervals and plot areas) would therefore pro-
vide more realistic recruitment rates and reduce the discrepancies be-
tween unharmonized recruitment distributions. Further rescaling of
recruitment rates would, for example, allow the application of beta
regression techniques which can be extended, similar to discrete prob-
ability distributions, to zero-inflated distributions. Lastly, by eliminating
sampling design factors, it would be possible to incorporate random
effects into the model which could further improve model fits by erad-
icating regional misfits.

Lastly, this analysis serves as a proof of concept regarding the op-
portunities that arise by combining existing forest inventory data across
large geographical ranges (code for the main analyses is available at
https://github.com/loukoe/Tree-recruitment-analyses.git). Such data-
sets allow to further our understanding of forest dynamics and the
development of more effective forest management strategies under
climate change. Collecting such data sets requires great efforts, from the
people who measure in the field, to the researchers who ensure the
quality of the data, to those who use it for analysis and applications. This
must be accompanied by long-term visions as acquiring forest in-
ventories is yet a challenging endeavour (cf. Nabuurs et al., 2007, 2010).
The data of more than 400,000 permanent sample plots that are
currently measured by European countries (Lawrence et al., 2010) could
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be made available, at least for research purposes. Further, countries
could be encouraged to harmonise their NFI sampling strategies to
reduce the challenges encountered through variations in plot area, size
thresholds, and time intervals between the observations. In the context
of forest regeneration, permanent measurements of trees below the
diameter threshold may allow a better understanding of the detailed
processes affecting tree recruitment. Today, most NFIs measure trees
below the size threshold only temporarily.

5. Conclusions

Combining forest surveys to cover larger geographic ranges allows
the detection and parameterisation of important climatic factors on tree
recruitment. Our study revealed strong effects of climate on recruitment
densities and species compositions. Recruitment success may experience
a general decline under progressing climate change, with climatic
variability, water limitations and temperature extremes as the main
driver. Nevertheless, the results confirmed the major role of forest
structure on forest regeneration that allows forest management to
actively adapt to climate change. Nurturing mixed forests and measures
that reduce drought impacts would promote higher tree recruitment
densities and facilitate long-term benefits of resilient forest ecosystems.
Lastly, effects of sampling strategies could not be eradicated entirely,
and alternative modelling approaches should be explored with the aim
to further reduce potential biases.
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