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Abstract

Temperate conifer forests underpin European ecosystems and economies,
making it essential to understand how they respond to climate change. Yet
most empirical studies estimate average climate responses that mask variabil-
ity across biological and ecological scales. Using a cross-classified panel
model, we estimate heterogeneous climate sensitivities across trees, species,
and ecological regions while accounting for temporal dynamics, competi-
tion, stand characteristics, and within- and between-species size variation.
Spring temperature emerges as the dominant seasonal driver of radial growth,
but its effect varies markedly across species and ecological regions. Native
species exhibit lower growth potential but more context-dependent responses,
whereas introduced species generally achieve higher growth while displaying
greater climate sensitivity. Controlling for tree size attenuates the estimated
temperature effect, showing that part of the apparent climate response reflects
ontogenetic structure rather than intrinsic physiological sensitivity. Con-
sequently, vulnerability cannot be inferred from species identity alone but
depends on the interaction between species traits and ecological context.
Models imposing homogeneous climate responses therefore risk misrepre-
senting both resilience and exposure to climate change. Our findings suggest
that continued warming and changing precipitation regimes are likely to re-
shape temperate conifer forests through differential responses across species
and ecological settings rather than through a uniform climatic effect.
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Non-technical Summary

Climate change is altering the growth of forests worldwide, but tree species do not
all respond in the same way. Even within the same species, trees growing under
different environmental conditions may react differently to rising temperatures.
Understanding this heterogeneity is essential for predicting future forest productivity
and designing effective management strategies.

This study investigates the growth responses of eight conifer species across
France using observations from the French National Forest Inventory. Unlike most
previous studies, which estimate average climate effects for individual species or
regions separately, we analyse species, ecological regions, and individual trees
simultaneously within a unified statistical framework. This allows us to distinguish
differences due to biological characteristics from those arising from environmental
conditions and stand structure.

Our results show that spring climate is the main driver of annual tree growth, but
its effects vary considerably across both species and ecological regions. Accounting
for differences in tree size explains part of this variation, revealing that some
apparent differences in climate sensitivity are actually related to forest structure
rather than to intrinsic biological responses. Nevertheless, substantial heterogeneity
remains after controlling for these structural factors.

The analysis also highlights systematic differences between native and intro-
duced species. Introduced species generally display higher growth rates, whereas
native species exhibit slower but more context-dependent responses. This pattern
may reflect different long-term adaptive strategies, with native species potentially
adopting more conservative use of water and nutrients under changing environmen-
tal conditions.

These findings have important implications for both ecological forecasting and
forest management. Models based on average responses may overlook important
local differences and produce misleading projections of future forest productivity.
More reliable assessments require recognising that climate sensitivity is shaped
jointly by species characteristics, ecological context, and forest structure. Promot-
ing structurally diverse forests and species adapted to local conditions is therefore
likely to enhance resilience under future climate change.

More broadly, the paper illustrates how statistical methods originally developed
in the social sciences can help address complex ecological questions by explicitly
modelling multiple sources of heterogeneity.
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1 Introduction

Climate change is altering conifer growth dynamics across temperate regions. Ris-
ing temperatures, shifting precipitation regimes, and more frequent extremes mod-
ify tree growth, species competition, and forest resilience.

Understanding how climate affects forest productivity and stability is central
to both ecological sustainability and timber supply. Coniferous forests underpin
large segments of the European timber industry and provide essential ecosystem
services, including carbon sequestration and watershed protection. As climatic
conditions continue to change, identifying which species and ecological contexts
are most vulnerable has become a pressing research and management priority.

Most empirical studies estimate climate–growth relationships using average
sensitivities for specific species or sites. Such approaches implicitly assume ho-
mogeneous climate responses within species or regions. Yet forest ecosystems are
inherently heterogeneous systems in which growth reflects species-specific traits,
competitive pressure, stand structure, and site conditions, all interacting with cli-
mate in complex ways. Ignoring this cross-scale structure may underestimate
variability and misrepresent both vulnerability and resilience.

We challenge the homogeneity assumption by modelling heterogeneous climate
responses of temperate conifers using a cross-classified multilevel framework. Cli-
mate–growth panels are inherently cross-classified: trees are simultaneously em-
bedded within species and ecological regions that intersect but are not hierarchically
nested. Rather than absorbing this heterogeneity, we model it explicitly through
random intercepts and random climate slopes at species and ecological-region
levels. This allows climate sensitivities to vary systematically across biological
identity and ecological context, and enables quantification of the extent to which
aggregation masks climate vulnerability.

We use data from the French National Forest Inventory (2006–2016), encom-
passing multiple conifer species, management regimes (native versus afforested),
and diverse climatic contexts ranging from oceanic and continental to Mediter-
ranean and mountain environments.

We find pronounced and systematic heterogeneity in climate responses. Spring
temperature emerges as the dominant seasonal driver of growth, but its impact
varies sharply across species and regions. Native species, although slower grow-
ing on average, exhibit greater resistance to heat stress and competition, whereas
introduced species display higher baseline growth but greater climate sensitivity.
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Ecological context further mediates these patterns, indicating that resilience can-
not be inferred from species identity alone. Models based on average sensitivities
substantially underestimate this variability.

These findings have implications for forest management under climate change.
While pure and even-aged conifer stands have long been favoured for timber effi-
ciency, structurally homogeneous plantations may be more vulnerable to climatic
stress. Explicitly accounting for cross-scale heterogeneity provides a more accurate
assessment of climate risk and supports adaptive management strategies aimed at
enhancing forest resilience.

The remainder of the paper proceeds as follows. Section 2 sketches the ecolog-
ical and methodological literature on climate–growth analysis. Section 3 describes
the data and variables. Section 4 presents the cross-classified modelling framework.
Section 5 reports results, including random-slope analyses. Section 6 concludes.
Robustness and additional checks are presented in Appendix A.1.

2 Related literature

Conifers dominate much of the forest cover in Central and Northern Europe and
constitute the backbone of the European timber industry. Beyond timber produc-
tion, temperate conifer forests provide a wide range of ecosystem functions and
services, including carbon sequestration (Sheikh et al., 2021), groundwater reg-
ulation and slope stabilization (Bruijnzeel, 2004), cultural benefits through forest
bathing (Shinrin-yoku; Tsunetsugu et al., 2009), and key ecosystem functions such
as soil formation, nutrient cycling, and habitat provision (Augusto, De Schrijver,
et al., 2015). They also support the production of valuable non-wood forest prod-
ucts, including mushrooms, truffles, resins, and essential oils (Collado et al., 2018).
Maintaining these ecological and economic functions ultimately depends on for-
est growth and productivity, making it essential to understand how conifer growth
responds to changing climatic conditions.

Climatic conditions in Europe are changing rapidly, with rising mean annual
temperatures, altered precipitation regimes, and increasingly frequent extremes
such as heatwaves, storms, and droughts (Intergovernmental Panel on Climate
Change, 2022; European Environment Agency, 2020). These climatic shifts are
placing European coniferous forests under growing stress (Lindner et al., 2010). In
recent decades, widespread crises due to climate change have already occurred. For
example, the presence of Norway spruce and Silver fir is seen to be compromised
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in favour of broadleaf species, such as European beech (Fagus sylvatica). Beech is
actually threatened in most continental areas (Lorraine, Black Forest, etc.) due to
warming. This is raising concerns about the long-term viability of softwood supply
(Allen et al., 2010; Hlásny et al., 2019) and is compromising ecosystem services
(Pretzsch et al., 2014; Pan et al., 2011; Hanewinkel et al., 2013; Nabuurs, 2018).

Although timber production has traditionally favoured even-aged, monospecific
plantations because of their operational simplicity and high productivity,1, some
foresters are shifting their management paradigm from monocultures of uniform
age towards uneven-aged, compositionally diverse forests that rely more heavily on
natural regeneration (Brang et al., 2014; Bauhus et al., 2017). This transition is
supported by growing evidence that structural and compositional diversity enhances
forest resilience and biodiversity (Bremer and Farley, 2010; Liu et al., 2018),
increases soil organic carbon storage (Waring et al., 2020; Gong et al., 2025),
improves the provision of ecosystem services (Felton et al., 2016), and promotes
more efficient resource use through complementarity among age classes (Aakala
et al., 2013; Mohr et al., 2024).

The ability of conifers to cope with intensifying climate stress is extremely
important but uncertain and difficult to assess. The need to closely monitor interac-
tions between climate and growth and to adapt management strategies accordingly
conflicts with the problems encountered in empirical analysis.

Assessing climate impacts on forest usually is based on average sensitivities in
specific locations and for specific species: the Silver fir in Basilicata (Gentilesca and
Todaro, 2008), the pure Pinus ponderosa of Monument Canyon Research Natural
Area in the Jemez Mountains of north-central New Mexico (Evans et al., 2017) and
the Douglas fir in western North America (Klesse et al., 2020) are some examples.

Regarding methodology, one stream of studies has applied dendrochronological
statistical techniques, based on correlations between filtered growth and climate
variables (Gentilesca and Todaro, 2008; Ols, Hervé, et al., 2020; Ols, Gschwantner,
et al., 2022). Another line of research has applied regression methods that explicitly
incorporate non-climatic drivers of growth (Anderson-Teixeira et al., 2022). Evans
et al. (2017), Bauman et al. (2022), and Klesse et al. (2020) exploit hierarchical
model to account for trees nested into specific sites.

Unlike previous empirical studies, which typically focus on individual species,

1Large forestry companies are increasingly experimenting with highly productive monocultures.
For example, in the Landes region of south-western France, eucalyptus plantations have been estab-
lished alongside the traditional maritime pine forests to explore alternative production systems under
future climatic conditions (Bouvet et al., 2013).
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specific regions, or separate regression models, we analyse climate–growth rela-
tionships using a single national-scale dataset covering temperate European forests.
Our specification jointly accounts for multiple sources of heterogeneity, includ-
ing tree-level characteristics (social status, management history, and within- and
between-tree size effects), plot-level conditions (competition), and forest-stand abi-
otic and structural attributes (elevation, structural heterogeneity, stand density, soil
water capacity, temporary waterlogging, and soil properties).

Our work builds upon the dataset of Ols, Hervé, et al. (2020) but introduces
a cross-classified mixed modelling framework that explicitly accounts for trees si-
multaneously belonging to combinations of conifer species and ecological regions
across the entire French territory. This framework allows climate sensitivity to vary
across both biological and ecological dimensions while controlling for a compre-
hensive set of determinants of tree growth. Unlike previous empirical studies, which
typically focus on individual species, specific regions, or estimate simple bivariate
regressions, we analyse climate–growth relationships using a large-scale national
dataset and a unified modelling framework. Our specification jointly accounts
for multiple sources of heterogeneity, including tree-level characteristics (social
status, management history, and within- and between-tree size effects), plot-level
conditions (competition), forest-stand abiotic and structural attributes (elevation,
structural heterogeneity, stand density, soil water capacity, temporary waterlogging,
and soil properties), and interactions among climatic variables. This framework en-
ables us to disentangle structural differences in tree growth from genuine differences
in climate sensitivity across species and ecological regions.

3 The data

The empirical analysis relies on the dataset from Ols, Hervé, et al. (2020), which is
based on 10.643 trees sampled across the systematic grid of the continuous French
National Forest Inventory (NFI) over the 2006–2016 period, combined with the
European E-OBS gridded climate dataset at a 0.25◦×0.25

◦ resolution (Cornes et al.,
2018). This dataset was specifically selected to investigate the response of Western
European conifers to climatic variability in pure and even-aged stands, exploiting
bioclimatic ecoregions that partition the French territory and are representative of
the coniferous forests distributed across Europe.

The French NFI constitutes one of the most comprehensive forest monitoring
systems worldwide. Since 2005 it has adopted an annualized sampling design
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based on a 1× 1 km grid. Every year one tenth of the grid is inventoried and 7,000
plots, classified as forests by the photo interpretation of aerial images, are visited
in the field in order to deliver fully renewed information on forests. Sampling plots
are temporary and consist in 25-m radius circles within which forest composition
and stand structure, ground vegetation, soil conditions, topography (elevation, soil
type, etc.) are described and trees measured. Tree cores are also collected on
two dominant trees, chosen within the main tree species encountered on the plot,
for age estimation and annual radial increment measurement.2 Each year the
sampled plots (and trees) change. The plots inventoried each year cover the entire
national territory. Forests cover 31% of the French territory, with different conifers
accounting for 21% of this area (see inventaire-forestier.ign.fr).

France presents one of the largest European climatic diversity, from the warm
and dry Mediterranean south to the cold and humid alpine zones, while intermediate
oceanic and continental regions exhibit more moderate conditions. - including
oceanic, continental, Mediterranean and alpine conditions. Such environmental
heterogeneity makes the country a privileged setting for analysing tree growth
under diverse regimes.

This dataset is very interesting as it is not based on a single species in a specific
region (unlike most of the analyses produced by the dendroecological literature),
thus allowing for exploring the differences in growth induced by climate change
in terms of changed temperatures and precipitation regimes. The distribution of
species by ecological regions, with identification of whether native or afforested, is
in Table 1.

In the Ols, Hervé, et al. (2020) dataset, approximatively 88% of tree-species
appear in more than one ecological region, while only 12% (European larch, Aleppo
pine, Corsican pine) are completely contained in a single ecological region. Ecolog-
ical regions have trees up to four different species; only 29.7% of ecological regions
have trees from a single species (Semi-continental east, Oceanic south west and
Mediterranean). Afforested trees account for 36.16% of the total. Native species,
such as European larch, Aleppo pine and Silver fir, occur naturally within French
forests, each being dominant in specific ecological zones (Alps, Mediterranean and
Vosges, respectively). Other conifers (Douglas fir -originating from North Amer-
ica, Corsican Pine -native to Corsica and Maritime Pine -originally from southern
Turkey) are only afforested (in Semi-Oceanic Central North and Massif Central,

2Cores are extracted at breast height (approximately 1.30m above ground) perpendicularly to the
stem, using an increment borer, mounted directly in the field with a precision of 1/10mm.
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Table 1: Distribution of Tree Species by Ecological regions

1-Crystalline 2-Semi-Oceanic 3-Semi-Continental 4-Vosges 5-Oceanic 6-Massif 7-Alps 8-Mediterranean Total
Oceanic West Central North East South West Central

Douglas fir 0 551 (A) 0 0 0 1,145 (A) 0 0 1,696
(48.7) (35.9) (15.9)

Norway spruce 0 0 337 (A) 303 0 730 (A) 279 0 1,649
(100) (47.8) (22.9) (19.3) (15.5)

European larch 0 0 0 0 0 0 341 0 341
(23.6) (3.2)

Aleppo pine 0 0 0 0 0 0 0 455 455
(100) (4.3)

Corsican pine 482 (A) 0 0 0 0 0 0 0 482
(44.5) (4.5)

Maritime pine 602 (A) 0 0 0 2,366 (A) 0 0 0 2,968
(55.5) (100) (27.9)

Scots pine 0 581 (A) 0 0 0 725 826 0 2,132
(51.3) (22.7) (57.1) (20.0)

Silver fir 0 0 0 331 0 589 0 0 920
(52.2) (18.5) (8.6)

Total 1,084 1,132 337 634 2,366 3,189 1,446 455 10,643
(10.19) (10.64) (3.17) (5.96) (22.23) (29.96) (13.59) (4.28) (100)

Note: (A) for afforested trees. Introduced trees represent the 36.16% of total trees.

Crystalline-Oceanic West, and Crystalline-Oceanic West and Oceanic South West,
respectively). Semi-Continental East have only one species of afforested trees,
Norway spruce. Norway spruce and Scots pine are species native to France (in
Vosges, Alps, and Massif Central) but were also introduced in specific lands (Semi-
Continental East, Massif Central). Massif Central has a mixture of native and
afforested trees, while most ecological regions, with the exception of the Vosges,
the Alps and the Mediterranean, have only afforested trees.

Table 1 can be translated into the map, rearranged from Ols, Hervé, et al. (2020),
and the species reported in Figure 1:

The data are unbalanced but this does not prevent us from conducting a multi-
level analysis. From Table 1, immediately it emerges that the panel is not a strict
three-level hierarchy of trees nested into species and nested into regions. Rather it
is a partially crossed ecological classification where trees are nested within the cells
formed by the cross-classification of species-by-ecological regions. This implies
that there are two separate two-level hierarchies which cross one another: (1) a tree-
plot-within-specie hierarchy, and (2) a tree-plot-within-ecological-region hierarchy.
Indeed, trees are nested within species but not all trees from the same species live
in the same ecological region and, simultaneously, the ecological region identifiers
are not constant within each specie unit.

3.1 Metrics of Forest Growth: Diameter vs. Radial Increment

In recent literature, the most common measures for tree growth are diameter and
radial increment (tree-ring width), with the latter largely prevailing due to its higher
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(a) Distribution of species by ecological regions. (b) Species

Figure 1: Ecological regions and species
Note: (A) stands for afforested. Species abbreviations: DF = Douglas fir, NS = Norway

spruce, EL = European larch, AP = Aleppo pine, CP = Corsican pine, MP = Maritime pine, SP
= Scots pine, SF = Silver fir.

temporal resolution and sensitivity to environmental variation.
Diameter is widely used in large-scale forest monitoring and inventory stud-

ies. It is non-destructive, quick to collect in the field, and scalable to millions of
trees, providing a standardized metric that facilitates comparisons across sites and
over time. Diameter is therefore an ideal metric for achieving extensive spatial
coverage in long-term forest monitoring programs (Magarik et al., 2019), detecting
mortality events by comparing successive inventory cycles (Kitikidou and Apos-
tolopoulou, 2011), implementing allometric models to estimate biomass and carbon
stock changes (Gschwantner et al., 2016).

Whereas diameter increments are good indicators of long-term forest growth,
radial increment—measured as annual tree-ring width—offers much finer temporal
resolution and greater sensitivity to short-term environmental fluctuations (Evans
et al., 2017).

Hence, to capture annual growth of trees, we use the logarithm of the annual
radial increment, log(ri1), where ri1 is the width of the last completed tree ring
[m] formed by the sampled trees in each year t. The use of log is almost equivalent
to the Box-Cox transformation used by Ols, Hervé, et al. (2020). It stabilises the
variance, as heteroskedasticity is usually observed in tree growth data. It deals with
skewness, as some trees can grow much more than others. The coefficients are
interpretable as percentage changes, hence comparable among diverse species and

9



ecological regions.
While radial increment is a flow variable, diameter at breast height (DBH, 1.30

meters above the ground) [m] represents a state-level variable, reflecting cumulative
growth induced by decades of past temperatures and environmental conditions.
We use it as an additional control (robustness check) for the size structure and the
possibility that trees with higher baseline growth tend to have lower radial increment,
an element that could bias the estimated temperature sensitivity. Indeed, the fastest
radial growth, i.e. largest tree-ring width, occurs at intermediate sizes, when trees
are able to incorporate nutrients efficiently and are less constrained by hydraulic
limitations or biomechanical stress, while, at larger sizes, radial growth declines
and trees become more sensitive to climate variability (Anderson-Teixeira et al.,
2022; Ryan and Yoder, 1997; Mencuccini et al., 2005).

Plots in Figure 2 illustrate the in-sample substantial heterogeneity in both radial
increment and diameter across the observed species-ecoregion combinations for af-
forested (top) and native (bottom) conifers. Boxes show the interquartile range with
medians; whiskers extend to the most extreme observations within 1.5 interquartile
ranges, and points denote observations beyond the whiskers; the dashed horizontal
lines are the overall averages. Only observed species–ecoregion combinations are
displayed. Sample sizes range from 341 (European larch–Alps) to 1,696 (Douglas
fir–Massif Central), as reported in Table 1.

Afforested species have systematically higher median radial increment, larger
dispersion and more extreme high-growth trees than native species. Native species
are generally slower growing with tighter distributions than afforested species, but
still substantial variability depending on ecological region. The greatest average
radial increment is observed in the introduced species Douglas fir, Maritime pine
and Norway spruce. The trees with the largest diameter are the native species Silver
fir, Norway spruce and European larch, whereas Norway spruce has a smaller
diameter when introduced.

While diameter distributions overlap considerably across several combinations,
radial increment exhibits much stronger differentiation, suggesting that current
growth differences cannot be explained solely by differences in tree size. Figure
2 motivates the unconditional variance decomposition, the conditional multilevel
models, the investigation of climate heterogeneous effects and the explicit control for
ontogenetic structure introduced later through the within–between decomposition
of diameter that are presented in next Section 4..
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(a) Radial increment (cm) (b) Diameter (m)

(c) Radial increment (cm) (d) Diameter (m)

Figure 2: Distribution of radial increment and diameter across observed species
and ecological regions combinations

Note: Species abbreviations: DF = Douglas fir, NS = Norway spruce, EL = European larch,
AP = Aleppo pine, CP = Corsican pine, MP = Maritime pine, SP = Scots pine, SF = Silver
fir. Ecological regions: COW = Crystalline and Oceanic West, SOCN = Semi-oceanic Central
North, SCE = Semi-continental East, VO = Vosges, OSW = Oceanic South West, MC = Massif
Central, AL = Alps, ME = Mediterranean.

4 Methodology and model

We employ a methodology able to respect the characteristics of the French NFI
(temporary sampling plots and trees that change each year), maintain the disaggre-
gated, multilevel structure of the panel and use a multiple regression model to avoid
bias from omitted variables. In fact, to understand (and monitor) climate-growth
interactions, the methodology must consider that: (1) there are limitations to tree
growth induced by competition between trees for nutrients, sunlight and water; (2)
climatic conditions vary from region to region, as their effects depend on specific
abiotic characteristics of the plot, such as soil types; (3) each species may react
differently to climatic conditions (biotic factors).

We implement cross-classified multilevel models, which are better suited to
capture the crossed structure of the dataset, where each tree belongs simultaneously
to a specie and ecological region. This framework makes it possible to account
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for heterogeneity at multiple levels and to obtain a robust understanding of the
determinants of tree growth.

We use the notation typical of cross-classified models (Goldstein, 2011; Ras-
bash and Goldstein, 1994; Rasbash and Browne, 2001; Rasbash and Browne,
2008; Beretvas, 2011) where level-1 observations (tree-plot-year observations) are
grouped by two higher-level classifications which are not nested within each other.
We set j1 = 1, . . . , J1 for species and j2 = 1, . . . , J2 for ecological regions, so
that the pair (j1, j2) indexes the cells of the cross-classification. Within each cell,
i = 1, . . . , N(j1,j2) indexes tree-plot units and t = 1, . . . , T indexes repeated annual
observations. The structure is depicted in Figure 3.

Tree–plot–year
observation

(i, t)

Species
j1

Random effects:
(u00j1 , u01j1)

Ecoregion
j2

Random effects:
(v00j2 , v01j2)

Figure 3: Cross-classified structure: tree–plot–year observations are jointly clas-
sified by species and ecological region. Random intercepts, u00j1 and v00j2 , and
slopes, u01j1 and v01j2 , are estimated at both higher levels.

The conditional mixed cross-classified model to explain yi(j1,j2)t, the logarithm
of radial increment, is:

yi(j1,j2)t = β0(j1,j2) +X
′
i(j1,j2)t β + θj1,j2 zpc(j1,j2)t + εi(j1,j2)t, (1)

β0(j1,j2) = β000 + βj1,j2 yeart + u00j1 + u00j2 ,

θj1,j2 = θ000 + u01j1 + u01j2

In the equation (1) we use compact indexing to keep the model readable. The
vector Xi(j1,j2)t denotes the stacked vector of all covariates with fixed (group-
invariant) coefficients, and β is the corresponding conformable parameter vector.
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Specifically, we partition Xi(j1,j2)t as

Xi(j1,j2)t =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

xi(j1,j2)t
xip(j1,j2)t
xp(j1,j2)t
xpc(j1,j2)t

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

, β =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

β1

β2

β3

β4

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

,

Hence,X′
i(j1,j2)t β = x

′
i(j1,j2)t β1+x

′
ip(j1,j2)t β2+x

′
p(j1,j2)t β3+x

′
pc(j1,j2)t β4, i.e.

it collects tree-level covariates, xi(j1,j2)t, tree-plot-level covariates, xip(j1,j2)t, forest
stand-level covariates, xp(j1,j2)t and the plot-specific seasonal climate controls,
xpc(j1,j2)t. The term zpc(j1,j2)t includes the climatic covariate whose coefficient is
allowed to vary (random slope) by species, j1, and ecological region, j2. The group-
specific marginal effect θj1,j2 equals the grand-mean effect θ000 plus the random
deviations u01j1 and u01j2 , capturing systematic departures from the overall mean
at the species and ecological region levels. The measurement level of each covariate
is described in detail below.

The literature does not yet provide sufficiently comparable estimates of hetero-
geneous climate sensitivity in temperate conifers to support genuinely informative
ecological priors. In that situation, Maximum Likelihood is arguably the more
scientifically defensible choice able to produce empirical Bayes predictors. Species
and ecological regions are each characterized by a random intercept and a random
temperature slope. Their covariance allows intrinsically fast-growing groups to
differ systematically in climate sensitivity. Hence, species- and ecoregion-level
random effects are assumed jointly normally distributed with zero means and un-
structured 2 × 2 covariance matrices:

[u00j1
u01j1

] ∼ N ([0
0
] ,Σj1) , Σj1 = [ σ

2
u00j1

σu00j1 ,u01j1

σu00j1 ,u01j1
σ
2
u01j1

]

[u00j2
u01j2

] ∼ N ([0
0
] ,Σj2) , Σj2 = [ σ

2
u00j2

σu00j2 ,u01j2

σu00j2 ,u01j2
σ
2
u01j2

]

Residuals are assumed normally distributed with a variance which is allowed to
differ across species: different conifer species exhibit markedly different intrinsic
growth variability, violating homoskedasticity.
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εi(j1,j2)t ∼ N (0, σ2
εj1) .

In the fixed component of the model, we include interactions between the
centred calendar year (2006-2016) and each species and ecological region combi-
nation. Formally, each group (j1 × j2) is allowed to have its own linear time trend
β(j1,j2) yeart, which enters the intercept β0(j1,j2).3

These group-specific deterministic trends serve two purposes. First, they cap-
ture long-run non-climatic dynamics in growth that may vary systematically across
species and regions, such as forest maturation and ageing, nitrogen deposition,
recovery from past disturbances, changes in inventory protocols, and management
legacies. Because these processes evolve slowly and may not be fully observed,
allowing flexible species-region trends reduce omitted-variable bias arising from
unobserved structural changes.

Second, climate variables themselves exhibit secular trends. In Europe (Eu-
ropean Environment Agency, EEA), spring temperatures have increased markedly
over recent decades, with spatially heterogeneous precipitation patterns. Without
group-specific time trends, such gradual climate shifts could be confounded with
long-run structural growth dynamics, biasing estimates of short-term climate sensi-
tivity. Allowing each species-ecoregion group to follow its own baseline trajectory
therefore improves identification of inter-annual growth responses to climate.

We model these trends as fixed effects rather than random slopes because the
number of species–region combinations is moderate and the trends are nuisance
parameters rather than objects of inference. A random-slope specification for year
would impose a distributional structure on deterministic structural change that lacks
biological justification and would introduce unnecessary shrinkage.

The climate coefficients are identified from deviations ofxpc(j1,j2)t and zpc(j1,j2)t
from the species–ecoregion-specific linear trend. Because year is centred, the fixed
intercept corresponds to mean growth at the sample midpoint. The variance compo-
nents of the random slopes are identified from cross-group dispersion in estimated
group-specific slopes and require sufficient replication across species and regions.

Our model includes various sets of explanatory variables. The tree level vari-
ables capture qualitative aspects of individual trees, their social status and manage-
ment. The combined tree / plot level variables capture competition among trees and

3The calendar year variable is centred to reduce collinearity between the trend and the intercept
and to facilitate interpretation of the intercept as average growth at the midpoint of the observation
period.
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the emergence of trees that tower above even the focal tree. The forest stand-level
variables measure abiotic conditions (soil chemistry, elevation) and heterogeneity
in the stems. Finally, the climate-plot variables capture seasonal precipitations and
temperatures and their interactions; these variables include zpc(j1,j2)t for which we
estimate group-specific (species and region) random slopes.

Tree-level variables, xi(j1,j2)t:

• Social status (ss). Social status of the targeted tree within the forest stand,
defined as the ratio between the tree’s diameter and the quadratic mean
diameter of the stand. This index captures relative dominance and resource
access. Trees are classified as dominant if ss > 2.5, co-dominant if 1.5 <

ss ≤ 2.5, dominated if 1 < ss ≤ 1.5, and subjected or subjugated if ss ≤

1. A positive effect on radial growth is expected, as dominant trees have
preferential access to light and soil resources.

• Native status (native). Indicator variable equal to 1 for native species (time
invariant). This distinction reflects differences in ecological adaptation, man-
agement history, and potential responses to climatic variability. A negative
direct effect on growth is expected, as introduced (afforested) species are
often selected for higher productivity.

• Diameter at breast height (DBH). Diameter, measured at 1.30 m above
ground [m], is used to control for tree size distribution and ontogenetic
effects (declining radial increment as trees grow larger).

To avoid simultaneity between radial increment in year t and diameter
measured in the same year, we compute the diameter at the beginning
of the growing season that produced the observed ring as diai(j1,j2)t =

log(DBHi(j1,j2)t − 2 ×RIi(j1,j2)t).4 To disentangle within-tree (ontoge-
netic) and between-group (size-structure) effects, we apply a within–between
(Mundlak-type; Mundlak, 1978) decomposition: Let

diaj1,j2 =
1

Nj1,j2

∑
i,t

diai(j1,j2)t

denote the mean log-diameter in species–ecoregion cell (j1, j2) computed
over the sample period, where Nj1,j2 is the total number of observations in

4Because diameter is predetermined relative to the current-year radial increment, it functions
as a state variable rather than a simultaneous regressor, reducing concerns about endogeneity in
contemporaneous growth estimation.
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that cell. The within–between decomposition is defined as

diaW,i(j1,j2)t = diai(j1,j2)t − dia(j1,j2), diaB,(j1,j2) = dia(j1,j2) − dia,

where dia = (J1J2)−1∑J1
j1=1

∑J2
j2=2

dia(j1,j2) is the grand mean across
species-ecoregion cells. The within component diaW,i(j1,j2)t captures on-
togenetic deviations within cells, while the between component diaB,(j1,j2)
captures persistent differences in mean size across species–ecoregion com-
binations. Including both terms prevents confounding size-related structural
differences with climate sensitivity.

Tree-plot-level variables variables, xip(j1,j2)t:

• Wolf-tree indicator (wolftree). Formally, let bali(j1,j2)t denote the basal
area, [m2], of trees larger than the focal tree, and let qmd(j1,j2)t denote the
forest stand variable equal to the quadratic mean diameter, [m2], of the stand.
The indicator is equal to 1 if this basal area over the plot quadratic mean
diameter is larger than the basal area of the focal tree in relation to the basal
area of the forest stand, [%]. It is a measure of asymmetric competition and
we expect a negative effect on radial increment of wolf-trees as they are larger
than the focal tree, hence able to dominate light and soil resources.

Forest stand variables, xp(j1,j2)t, characterizing abiotic and structural condi-
tions under which trees grow:

• Elevation (alti). Elevation of the plot above sea level [m]. Elevation captures
large-scale climatic gradients (temperature, precipitation, snow cover) and
site-specific ecological suitability. The effect may differ across species: for
example, Norway spruce, European larch, and Corsican pine are typically
better adapted to higher altitudes, particularly in warmer regions.

• Gini index (gini). Index of stem diameter heterogeneity within the stand,
ranging from 0 (perfectly homogeneous) to 1 (maximally heterogeneous).
Higher structural inequality may intensify competition for light and soil re-
sources, leading to a negative effect on radial growth. However, heterogeneity
may also reflect structural complexity; hence the sign is ultimately empirical.

• Relative Density Index (rdi). Reineke’s self-thinning index, measuring stand
density relative to the theoretical maximum density. Values approaching
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or exceeding one indicate overcrowding and strong competition, which is
expected to reduce growth.

• Maximum field water capacity (wfcC). Soil water-holding capacity at 1
m depth [mm]. Higher values indicate greater potential water availability,
which should positively affect growth in the absence of waterlogging or
harvest disturbances.

• Water capacity × temporary waterlogging (wfcC × tlogC). Interaction be-
tween soil water capacity and the ground-flora-based soil temporary water-
logging index. The latter distinguishes well-drained soils (tlogC < −0.05),
drained soils (−0.05 ≤ tlogC < 0), soils with tendency to waterlogging
(0 ≤ tlogC < 0.05), and frequent waterlogging (tlogC ≥ 0.05). This inter-
action captures the possibility that high water capacity becomes detrimental
when drainage conditions are poor. Controlling for this interaction is essential
when evaluating precipitation effects.

• Carbon-to-nitrogen ratio (cn_ratio). Ground-flora-based soil C:N ratio.
Higher ratios indicate lower nitrogen availability. Since nitrogen is a limiting
nutrient for tree growth, a negative effect on radial increment is expected.

• Base cations × subacid soils (base_cation × phD). Interaction between
base_cation, the soil base cation availability (Ca

2+, Mg
2+, K+, Na

+),
and the indicator for subacid soils (phD = 1 if 4.5 ≤ pH ≤ 6). Conifers
generally prefer moderately acidic soils; excessive base saturation can induce
root stress. We therefore allow the effect of base cation availability to differ
in subacid soils, with high base saturation having a negative effect which is
higher in subacid soils.

• Soil phosphorus (p2o5). Ground-flora-based soil phosphorus content (log-
transformed P2O5). Phosphorus availability is expected to positively influ-
ence radial growth.

Climatic variables, plot-specific seasonal climate conditions, xpc(j1,j2)t and
zpc(j1,j2)t

The climatic covariates xpc(j1,j2)t with fixed parameters include:

• Spring minimum temperature (tmin_sprC, [°C]). Included to control for
late frost damage and cold limitation of cambial reactivation, particularly in
high-elevation or northern sites.
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• Summer precipitation × maximum temperature interaction (prec_sumC ×

tmax_sumC). This term captures heat–drought stress during summer, when
high temperatures increase evapotranspiration and respiration losses, espe-
cially under Mediterranean or continental climate regimes.

• Spring precipitation (prec_sprC, [mm]). Seasonal precipitation sum in
spring, capturing soil water availability at the onset of cambial activity.

• Spring temperature × precipitation interaction (prec_sprC×tmean_sprC).
This interaction accounts for the joint role of temperature and soil moisture
during cambial reactivation. Warmer springs may enhance growth when
water is sufficient but amplify stress under dry conditions.

The variable zpc(j1,j2)t is spring mean temperature (tmean_sprC, [°C]). This
variable captures the growth potential induced by photosynthesis and cambial reac-
tivation during the early growing season. Spring temperature is allowed to have a
group-specific slope, reflecting the fact that species and ecological regions are sep-
arate latent sources of heterogeneity in climate sensitivity. This allows for testing
whether climate sensitivity is more taxonomic or ecological. Relative to a specifica-
tion with a single random slope at the species–ecoregion level, our decomposition
operated by the cross-classified model improves statistical efficiency with uneven
data through species effects informed by all regions and region effects informed by
all species (partial pooling) and enables biologically interpretable inference on the
sources of growth–climate variability.

We explicitly test the ecological hypothesis that spring climatic conditions exert
a stronger influence on conifer radial growth than summer or other seasonal condi-
tions (see Appendix A.1). The early growing season determines cambial activation,
carbohydrate allocation, and the potential for annual increment formation, thereby
setting the stage for overall growth performance.

The conditional models we estimate are summarised in Table 2.
The fixed effects model, FE, considers the combinations of species and ecologi-

cal region as individual heterogeneities that also contribute to the cluster correction
of standard errors. The cross-classified mixed model, MM, considers random ef-
fects only in the intercept for both species, u00j1 , and the ecological region, u00j2 .
The cross-classified mixed model, MMR, adds to the MM model the random slope
for temperature at the ecological region level, u01j2 , whereas the cross-classified
mixed model, MMS, adds to the MM model the random slope for temperature at
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Table 2: Progressive specification of the models.

FE MM MMR MMS MMRS MMRSD

Species × Ecoregion trends ✓ ✓ ✓ ✓ ✓ ✓
Climate covariates xpc(j1,j2)t ✓ ✓ ✓ ✓ ✓ ✓
Tree-, tree-plot- and forest-stand controls ✓ ✓ ✓ ✓ ✓ ✓

Species intercept (u00j1) – ✓ ✓ ✓ ✓ ✓
Ecoregion intercept (u00j2) – ✓ ✓ ✓ ✓ ✓
Species slope (u01j1) for zpc(j1,j2)t – – – ✓ ✓ ✓
Ecoregion slope (u01j2) for zpc(j1,j2)t – – ✓ – ✓ ✓
Diameter controls (ldiamW , ldiamB) – – – – – ✓

Note: Model sequence used to assess heterogeneous climate sensitivity. FE absorbs
species–ecoregion heterogeneity through combination fixed effects and cluster standard er-
rors. MM introduces crossed random intercepts for species and ecological regions. MMR
and MMS add random spring-temperature slopes at the ecological-region and species lev-
els, respectively. MMRS allows both sources of slope heterogeneity. MMRSD further
controls for within- and between-group diameter, isolating climate sensitivity conditional
on size structure.

the species level, u01j1 . The cross-classified mixed model, MMRS, has random
intercepts, u00j1 and u00j2 , and random slopes for temperature at both species and
ecological region levels, u01j1 and u01j2 . Finally, the MMRSD model adds di-
ameter, as a robustness check for structural differences in tree size, to the MMRS
model.

5 Results

We first quantify how growth variation partitions across species, ecological regions,
and individual trees before introducing explanatory variables. This provides an
empirical justification for the multilevel cross-classified specification adopted in
equation (1). Unconditional models for radial increment are in Table 3.

The unconditional variance decomposition confirms substantial dependence
among observations. Growth variability is jointly structured across species, reflect-
ing biological differences, and ecological regions, reflecting environmental and site
conditions, making a cross-classified specification preferable to models that ignore
clustering or impose a purely hierarchical structure. Models considering only one
grouping factor would overstate the importance of that dimension because varia-
tion attributable to the other classification would be absorbed into the remaining
variance components (van Landeghem et al., 2005; Moerbeek, 2004; Tranmer and
Steel, 2001). Information criteria and likelihood-ratio tests consistently favour the
cross-classification specification. The unconditional model therefore provides a
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Table 3: Unconditional models for radial increment

Radial increment

Species Ecoreg Both Species
u00j1 u00j2 u00j1 and u00j2 heterosk.

b000 -6.2657*** -6.1848*** -6.2491*** -6.2490***
(0.1531) (0.1385) (0.1476) (0.1476)

NT 10643 10643 10643 10643
LL -11368.32 -11846.28 -11013.66 -10888.23
AIC 22742.6 23698.6 22035.3 21798.5
BIC 22764.5 23720.4 22064.4 21878.5
VPC/ICC sp (u00j1) 27.47 19.21 19.21
VPC/ICC er (u00j2) 22.06 11.56 11.55
ICC tree 30.77 30.77
VPC res (εi(j1,j2)t) 72.53 77.4 69.23 69.23

Note: *** 1%, ** 5%, * 10% statistical significance. When we allow for heteroskedasticity
by species, VPC/ICCs are evaluated by exploiting the “weighted average” of variances.

benchmark against which the contribution of climatic and structural covariates can
subsequently be assessed.

In the unconditional models of Table 3, the estimated grand mean, b000, corre-
sponds to a radial increment of approximately 0.19 cm (1.9 mm).

The Variance Partition Coefficients (VPCs), which coincide with Intraclass
Correlation Coefficients (ICCs) in unconditional models, quantify the proportion
of total variation attributable to each level. They therefore measure the similarity in
radial increment among trees belonging to the same cluster and quantify the relative
importance of species, ecological regions and individual trees as sources of growth
variation.

In the last column of Table 3, the within-group variance differs across species,
implying that VPCs are themselves species-specific. We therefore report sample-
size-weighted average VPCs. The similarity between the weighted averages and
the homoskedastic estimates indicates that species with greater (lower) variance are
neither very few nor very numerous (distortion in weights), or that some covariates
not yet modelled could interact with the species.

Under heteroskedasticity, the correlation between two randomly selected trees
belonging to the same species but possibly different ecological regions (between
species, biological differences) is 19.21%. The corresponding correlation for two
randomly selected trees located in the same ecological region but belonging to differ-
ent species (spatial/environmental structuring) is 11.56%. Hence, species account
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for almost twice as much unexplained variation as ecological regions, an interesting
finding given the equality between the number of species and ecological regions.
The combined clustering effect (species plus ecological region) is 30.77%. The
remaining 69.23% of the variance reflects within-species-within-region variability
at the individual-tree level.

When we compute the fractions of total variance which are attributable to
species-level differences, Douglas fir shows the highest specie-level VPC (25%) and
ecological-region VPC (15%), indicating relatively low within-species variability
or more homogeneity within the specie (59%), whereas Aleppo pine shows the
lowest VPC (16% at species level and 9% at ecological region level), indicating
high within-species variability (74%).

As we observe multiple trees for at least some combinations of species and
ecological regions, we tested for the relevance of the interaction effect, u00j1 ×

u00j2 (such that the effect of species will differ for trees from different ecological
regions even after accounting for the ecological region main effects). Because the
interaction contributes negligible variance, its omission do not bias the remaining
cross-classified model parameters (Shi et al., 2010). Instead, in equation (1),
we modelled the interaction as fixed shifts to capture group-specific deterministic
trends.

The unconditional model establishes that substantial variation exists across
both species and ecological regions before climatic and structural covariates are
introduced. The conditional models examined next investigate to what extent this
variation is explained by climate and whether climate sensitivity itself varies across
these two dimensions.

5.1 Conditional models

Tables 4 and 5 report the estimates of the conditional models for radial increment
presented and compared in Table 2.

The fixed effect (FE) model cannot estimate the time -invariant native effect;
moreover, the effects of alti, ss, gini and p2o5 are not statistically significant.
Since the FE model absorbs species–region heterogeneity, it does not partition
variance across species and ecological regions nor allow for heterogeneous climate
sensitivity. This restricts inference and may misrepresent uncertainty when cross-
level dependence is present (Beretvas, 2011). Also, FE would force the data to
be conceptualized as categorical differences, whereas the mixed models offer the
distribution of climate sensitivity and BLUPs predictors.
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Table 4: Conditional models for radial increment - control variables

FE MM MMR MMS MMRS MMRSD
u00j1 , u00j2 u00j1 , u00j2 u00j1 , u00j2 u00j1 , u00j2

u01j2 u01j1 u01j1 , u01j2 Diameter

Tree-level variables, xi(j1,j2)t

ss 0.0987 0.1532*** 0.1554*** 0.1541*** 0.1553*** 0.5403***
(0.0905) (0.0277) (0.0277) (0.0277) (0.0277) (0.0294)

native 0.0000 -0.4408*** -0.4054*** -0.4317*** -0.3895*** -0.5834***
(.) (0.1344) (0.1295) (0.1391) (0.1281) (0.1331)

Tree-plot-level variables variables, xip(j1,j2)t

wolftree -0.1250* -0.1387*** -0.1378*** -0.1366*** -0.1380*** -0.2579***
(0.0673) (0.0446) (0.0446) (0.0446) (0.0446) (0.0433)

Forest stand variables, xp(j1,j2)t

alti 0.0002 0.0002*** 0.0002*** 0.0002*** 0.0002*** 0.0002***
(0.0001) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000)

gini -0.1729 -0.2430*** -0.2431*** -0.2370*** -0.2434*** -0.8994***
(0.1537) (0.0754) (0.0754) (0.0754) (0.0754) (0.0755)

rdi -0.4432*** -0.4425*** -0.4432*** -0.4441*** -0.4433*** -0.2645***
(0.0574) (0.0209) (0.0209) (0.0209) (0.0209) (0.0208)

wfcC 0.0004* 0.0004* 0.0004* 0.0004* 0.0004* 0.0002
(0.0002) (0.0002) (0.0002) (0.0002) (0.0002) (0.0002)

wfcC × tlogC -0.0144** -0.0127*** -0.0133*** -0.0134*** -0.0133*** -0.0138***
(0.0060) (0.0037) (0.0037) (0.0037) (0.0037) (0.0036)

cn_ratio -0.0178*** -0.0170*** -0.0169*** -0.0169*** -0.0169*** -0.0195***
(0.0030) (0.0023) (0.0024) (0.0023) (0.0024) (0.0022)

base_cation × phD0 -0.0031** -0.0031*** -0.0031*** -0.0031*** -0.0031*** -0.0041***
(0.0011) (0.0005) (0.0005) (0.0005) (0.0005) (0.0005)

base_cation × phD1 -0.0037** -0.0037*** -0.0037*** -0.0036*** -0.0037*** -0.0043***
(0.0014) (0.0005) (0.0005) (0.0005) (0.0005) (0.0005)

p2o5 0.0838 0.0793** 0.0722** 0.0757** 0.0723** 0.1247***
(0.0546) (0.0309) (0.0312) (0.0310) (0.0312) (0.0301)

NT 10643 10643 10643 10643 10643 10643
LL -10537.1 -10465.3 -10459.3 -10461.9 -10459.3 -10010.9
AIC 21104.2 21018.5 21010.6 21015.7 20986.5 20093.7
BIC 21213.2 21338.5 21345.2 21350.2 21233.8 20355.5

Note: *** 1%, ** 5%, * 10% statistical significance. Fixed effects model (FE) uses cluster
j1 × j2 standard errors.
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Table 5: Conditional models for radial increment - climate variables

FE MM MMR MMS MMRS MMRSD
u00j1 , u00j2 u00j1 , u00j2 u00j1 , u00j2 u00j1 , u00j2

u01j2 u01j1 u01j1 , u01j2 Diameter

Climatic variables, plot-specific seasonal climate conditions, xpc(j1,j2)t

tmin_sprC -0.0776 -0.0709*** -0.0595*** -0.0579*** -0.0595*** -0.0392**
(0.0475) (0.0166) (0.0179) (0.0175) (0.0179) (0.0164)

prec_sumC × tmax_sumC 0.0004** 0.0003** 0.0003* 0.0003* 0.0003* 0.0002
(0.0002) (0.0001) (0.0002) (0.0002) (0.0002) (0.0002)

prec_sprC 0.0000 -0.0001 -0.0000 0.0000 -0.0000 0.0000
(0.0005) (0.0002) (0.0003) (0.0003) (0.0003) (0.0002)

prec_sprC × tmean_sprC -0.0005** -0.0003*** -0.0003*** -0.0003** -0.0004*** -0.0003***
(0.0002) (0.0001) (0.0001) (0.0001) (0.0001) (0.0001)

Climatic variables, plot-specific seasonal climate conditions, zpc(j1,j2)t
tmean_sprC 0.1078* 0.0915*** 0.0822*** 0.0898*** 0.0834*** 0.0617***

(0.0519) (0.0207) (0.0251) (0.0291) (0.0254) (0.0227)

Tree-level variables, xi(j1,j2)t

dia_W -0.4929***
(0.0156)

dia_B 0.4240
(0.3519)

VPC sp (u00j1 , u01j1) 13.25 18.99 19.90 19.76 13.49
avg. − 1 × sd 17.96 23.57 20.68 9.05
avg. + 1 × sd 19.12 20.49 17.82 18.44
VPC er (u00j2 , u01j2) 7.26 5.86 6.58 5.51 7.03
avg. − 1 × sd 10.97 6.28 9.84 12.07
avg. + 1 × sd 5.20 6.53 5.70 3.26
VPC tree 20.51 24.85 26.49 25.27 20.52
avg. − 1 × sd 28.93 29.85 30.52 21.11
avg. + 1 × sd 24.32 27.02 23.52 21.69
VPC res (εi(j1,j2)t) 79.49 75.15 73.51 74.73 79.48
at -sd 71.07 70.15 69.48 78.89
at + sd 75.68 72.98 76.47 78.31

Note: *** 1%, ** 5%, * 10% statistical significance. Fixed effects model (FE) uses cluster
j1×j2 standard errors. Estimates are heteroskedastic by specie, so that VPC/ICCs are eval-
uated by exploiting the “weighted average” of variances. As ecological region and specie
total variances are functions of variance, covariance and values of spring temperatures,
we use three evaluation points corresponding to the average temperature (9 °C) and ± one
standard deviation (2.55) of spring temperatures.
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Compared to Table 3, Table 5 shows that the inclusion of covariates reduces
the unexplained heterogeneity across levels. Species-level variance declines from
19.21% to 13.25%, regional variance from 11.55% to 7.26%, and tree-level variance
from 30.77% to 20.51%. Allowing random slopes for spring temperatures at both
species and ecological-region levels, increases heterogeneity in climate responses,
particularly at the species level. Including diameter (MMRSD model) explains a
large share of residual heterogeneity and further improves model fit. The within-
diameter term is strongly significant, capturing ontogenetic growth decline and
indicating that size structure accounts for a major share of growth heterogeneity
across species–region combinations.

The estimated spring temperature effect for the average species and ecological
region is positive: a 1 ◦C increase is associated with approximately 8.34% higher
radial growth when precipitation is at its mean (226 mm). The corresponding 95%
coverage interval ranges from 6.77% to 9.92% across species and from -0.93%
to 17.62% across ecological regions, indicating substantially greater spatial than
taxonomy variation in climate sensitivity. By contrast, spring precipitation alone
is not statistically significant at the mean spring temperature (9 ◦C). However, the
negative interaction between spring temperature and precipitation indicates that
the marginal growth benefit of warmer springs declines under wetter conditions.
Late spring minimum temperatures reduce growth by 5.95%, consistent with frost
damage and delayed cambial reactivation, whereas summer heat-precipitation in-
teractions have comparatively small effects, highlighting the dominant role of the
early growing-season conditions.5

Introducing diameter as a structural control (last column of Table 5) attenu-
ates the estimated spring temperature effect from 8.34% to 6.17%. This indicates
that part of the temperature–growth relationship in simpler models reflects onto-
genetic and compositional differences in tree size rather than purely physiological
responses to climate. Conditioning on diameter therefore isolate climate sensitiv-
ity among trees of comparable size and renders species- and region-level random
effects interpretable as genuine variation in climate response rather than sample
composition.

Overall, spring climatic conditions emerge as the primary drivers of inter-
annual radial growth, whereas summer climatic conditions play a comparatively

5Replacing spring climatic conditions with summer climatic conditions deteriorates model per-
formance (log-likelihood and information criteria) and reduces the estimated temperature effect by
about three percentage points (see Appendix A.1).
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minor role.
Figure 4 illustrates these average climate responses through predictive margins

from the MMRSD model, evaluated over mean-centred spring temperature and pre-
cipitation. Because predictions are averaged over species and ecological regions,
they represent population-average climate responses rather than group-specific tra-
jectories.

(a) Predicted radial increment (b) Marginal effects

Figure 4: Spring role on radial increment

The left panel displays predicted radial increment across different spring pre-
cipitation regimes. The non-parallel curves provide clear evidence of a negative
temperature–precipitation interaction. Under drier-than-average spring conditions,
warmer temperatures are associated with a pronounced and statistically significant
increase in growth. Around average spring precipitation (approximately 220 mm),
the temperature response weakens, whereas under wetter-than-average conditions
the marginal effect of temperature becomes progressively attenuated and, at the up-
per end of the observed precipitation range, is no longer statistically distinguishable
from zero. This pattern is confirmed by the corresponding confidence intervals,
which intersect zero under the wettest spring conditions.

The right panel of Figure 4 presents the corresponding average marginal effects.
The marginal effect of spring temperature declines monotonically with increasing
precipitation, whereas the marginal effect of precipitation remains small and sta-
tistically weak over the observed temperature range. Thus, spring temperature
emerges as the primary climatic driver of radial growth, while spring precipitation
primarily modulates the strength of the temperature response rather than exerting
an independent influence on growth.

These population-average relationships provide a useful summary of climate
effects but conceal substantial variation among species and ecological regions. The
following section examines this cross-level heterogeneity through the estimated
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random effects and group-specific climate sensitivities.

5.2 Heterogeneous Climate Sensitivity: Species and Regional Random
Effects

Figure 5 compare empirical Bayes estimates (BLUPs) of species- and ecological-
region-specific random intercepts and spring temperature random slopes under
the baseline model (MMRS) and the size-adjusted specification (MMRSD). Each
point represents the deviation of a group’s intercept (u00j) and spring temperature
slope (u01j) from the corresponding population-average fixed effects. Vertical bars
denote 95% confidence intervals derived from the estimated random-effect standard
errors. Because empirical Bayes estimates are shrinkage estimators, groups with
fewer observations are pulled more strongly toward the overall mean and therefore
exhibit wider uncertainty intervals. Circle size is proportional to the number of
observations within each species or ecological regions.

Species-level responses
Under the baseline specification (MMRS ), spring-temperature sensitivity varies

substantially among species. Introducing diameter (MMRSD) substantially redis-
tributes the estimated random slopes. Several species change both the magnitude
and, in some cases, the sign of their response to spring warming, indicating that part
of the apparent interspecific heterogeneity in the baseline model reflects differences
in tree size composition rather than intrinsic physiological responses. After ac-
counting for diameter, Aleppo pine (native to Mediterranean) and Silver fir (native
to Vosges and Massif Central) exhibit the strongest positive conditional responses
to spring warming, whereas European larch (native to Alps) and Scots pine (native
to Alps and Massif Central, afforested in Semi-Oceanic Central North) display the
weakest responses. Douglas fir, Norway spruce and Maritime pine cluster around
the population-average response.

Ecological-region-level responses
Marked differences also emerge across ecological regions. Under the MMRS

specification, regions differ substantially in both baseline growth and spring-
temperature sensitivity. Introducing diameter (MMRSD) redistributes the esti-
mated regional random slopes, with several regions changing the magnitude and, in
some cases, the sign of their temperature response. In particular, the Alps become
positively associated with spring warming after accounting for tree size, whereas
Oceanic South West and Vosges remain the least responsive regions. environmental
differences. These changes indicate that part of the regional heterogeneity observed

26



(a) Species – MMRS (b) Species – MMRSD

(c) Ecological regions – MMRS (d) Ecological regions – MMRSD

Figure 5: Empirical Bayes estimates of species- and ecological-region-specific
random effects.

Note: Points represent empirical Bayes estimates of random intercepts (u00j1 andu00j2 ) and
random slopes for spring temperature (u01j1 and u01j2 ). Vertical bars denote 95% confidence
intervals. Circle size reflects the number of observations per species and region (small: < 500;
medium: 500 − 999; large: ≥ 1000). Slopes are deviations from the population-average fixed
temperature effect. Species abbreviations: DF = Douglas fir, NS = Norway spruce, EL =
European larch, AP = Aleppo pine, CP = Corsican pine, MP = Maritime pine, SP = Scots pine,
SF = Silver fir. Ecological region abbreviations: COW = Crystalline and Oceanic West, SOCN
= Semi-oceanic Central North, SCE = Semi-continental East, VO = Vosges, OSW = Oceanic
South West, MC = Massif Central, AL = Alps, ME = Mediterranean.

in the baseline model is attributable to structural differences in tree size rather than
solely to environmental differences.

Overall, comparing MMRS with MMRSD shows that accounting for diameter
substantially alters the estimated distribution of climate sensitivity at both the
species and ecological-region levels. Although part of the apparent heterogeneity is
explained by tree-size composition, considerable variation persists after controlling
for ontogenetic effects, confirming that climate sensitivity differs systematically
among both species and ecological regions. These remaining differences constitute
the basis for the predictive analyses presented in the following section.

27



5.3 Predicted radial increment

Figure 6 presents locally smoothed predicted radial increment as a function of cen-
tred spring mean temperature (Cleveland, 1979). Unlike the marginal effects in
Figure 4, these curves represent the realized association between predicted growth
and spring temperature across the observed joint distribution of covariates within
each species-ecological region combination.6 Consequently, the trajectories de-
scribe conditional growth patterns rather than ceteris paribus temperature effects.

Growth trajectories are obtained from the MMRSD specification. The solid
black curve represents the population-average prediction from the fixed com-
ponent of model (1), ŷF i(j1,j2)t = β̂000 + X

′
i(j1,j2)tβ̂ + θ̂000 zpc(j1,j2)t. The

dashed blue curve additionally incorporates species-level random intercepts and
slopes, ŷFSi(j1,j2)t = ŷF i(j1,j2)t + û00j1 + û01j1 zpc(j1,j2)t, the dashed brown curve
adds ecological region-level random effects, ŷFRi(j1,j2)t = ŷF i(j1,j2)t + û00j2 +

û01j2 zpc(j1,j2)t, whereas the dashed red curve represents the full conditional pre-
diction, ŷi(j1,j2)t = ŷF i(j1,j2)t + (û00j1 + û00j2) + (û01j1 + û01j2) zpc(j1,j2)t.

This decomposition illustrates how average temperature responses separate
into taxonomic and environmental components. Whereas Figure 4 summarises the
population-average climate response, Figure 6 reveals that the underlying growth
trajectories differ markedly across species-ecological region combinations. In sev-
eral combinations, spring warming is associated with pronounced increases in
predicted growth, whereas in others the response is weak, nearly flat, or even
negative.

The decomposition also reveals the origin of this variation. In some combi-
nations, deviations from the population-average trajectory are driven primarily by
species-level random effects, while in others ecological context exerts the domi-
nant influence. Consequently, the cross-classified specification separates biological
differences among species from contextual differences among ecological regions.
Moreover, the MMRSD model demonstrates that part of the apparent variability
observed in models without diameter controls reflects differences in size structure
rather than intrinsic physiological sensitivity.

Distinct patterns emerge between native and afforested species. Native trees
display broadly positive but highly variable responses to spring temperature. Both
species identity and ecological context contribute to this variability, and in several

6In contrast to Figure 4, covariates are not held fixed at reference values. Predictions follow the
empirical joint distribution of precipitations, soil properties, altitude and the remaining explanatory
variables within each group.
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combinations regional effects modify temperature sensitivity as strongly as, or
even more strongly than, species effects. The full conditional prediction therefore
emphasize that growth responses arise from the interaction between species traits
and environmental setting.

Afforested trees exhibit comparatively more homogeneous trajectories. In many
combinations the four predicted curves remain close together, indicating weaker
contextual modulation of temperature sensitivity. Species differences are expressed
primarily through baseline productivity, whereas temperature responses remain
closer to the population-average relationship. Although some introduced species
benefit from warmer springs, others display nearly flat trajectories, suggesting that
productivity gains under warming are not universal.

Overall, these predicted trajectories reinforce the central result of the paper:
spring warming does not produce a uniform response across temperate conifers.
Instead, climate sensitivity is jointly determined by species identity, ecological
context, and structural characteristics of forest stands. The greater structural and
taxonomic diversity typically found in native forests (Felton et al., 2016; Liu et al.,
2018) further suggests that differences in conditional growth sensitivity should be
interpreted not only in terms of short-term productivity, but also in relation to
long-term ecosystem stability and resilience under climate change.

We can note the crossing of the curves. While the intercept shifts the curve
vertically, the random slope changes its inclination. A crossing occurs because
the relative importance of the intercept and the slope changes with temperature.
The crossing of predicted trajectories in some native species–region combinations
indicates that the ranking of growth performance changes with spring temperature.
Such crossings arise from the joint action of random intercepts and random slopes,
implying that climate sensitivity modifies not only the magnitude but also the
relative ordering of growth across groups. We observe this mainly for SP-AL.
Looking at the numerical BLUPs, the most plausible explanation is that Scots
pine in the Alps combines a negative random intercept (low baseline growth)
and a positive random slope (high temperature responsiveness). That creates an
intersection between the species effect and the ecological-region effect. By contrast,
the predominantly parallel trajectories of afforested species indicate that differences
are driven mainly by baseline productivity rather than by heterogeneous temperature
sensitivity.
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(a) Afforested trees

(b) Native trees

Figure 6: Predicted growth trajectories
Note: Species abbreviations: DF = Douglas fir, NS = Norway spruce, EL = European larch,

AP = Aleppo pine, CP = Corsican pine, MP = Maritime pine, SP = Scots pine, SF = Silver fir.
Ecological region abbreviations: COW = Crystalline and Oceanic West, SOCN = Semi-oceanic
Central North, SCE = Semi-continental East, VO = Vosges, OSW = Oceanic South West, MC =
Massif Central, AL = Alps, ME = Mediterranean.

5.4 Discussion

Results from unconditional models in Table 3 have implications for dendrochrono-
logical cross-dating, suggesting that most inter-annual variability in radial growth

30



occurs at the individual-trees level and that common growth signals may extend
across species sharing the same environmental conditions.

In the conditional models reported in Tables 4 and 5, native species grow more
slowly even after controlling for site, climate, competition, and tree size. The in-
crease in magnitude of the native coefficient after accounting for diameter suggests
that native and introduced stands differ systematically in size structure. This pattern
may reflect long-term adaptive strategies. One possible interpretation is that the na-
tive species included in our sample adopt more conservative resource-use strategies,
prioritising persistence under variable environmental conditions over maximizing
short-term growth. Such conservative strategies have been associated with greater
tolerance of environmentally stressful conditions through more cautious allocation
of carbon, water and nutrients. This interpretation is compatible with the functional
framework proposed by Augusto, Borelle, et al. (2025), in which conservative tree
species maintain more stable realized growth under environmentally stressful condi-
tions than acquisitive species, although our analyses do not directly classify species
according to functional traits or establish that native species are inherently more
conservative.

Larger, dominant trees capture a disproportionate share of resources (light,
water, and nutrients) and use them more efficiently, reinforcing their competitive
advantage, while subordinate individuals exhibit reduced growth (Canham et al.,
2004; Binkley, 2004; Binkley et al., 2010). Controlling for size structure amplifies
the estimated dominance effect, suggesting that social status captures competitive
asymmetry beyond ontogenetic size effects, that is, the tendency for larger trees
to exhibit lower radial increment. High stand density further intensifies crowding
and suppresses smaller individuals (Zhang et al., 2018; Chi et al., 2015; Linger
and Long, 2025). Moderate heterogeneity may sustain diversity and resilience,
whereas pronounced heterogeneity can reduce stand-level efficiency by limiting
the contribution of subordinate individuals (Binkley et al., 2010). The MMRSD
specification suggests that diameter absorbs part of the structural heterogeneity and
that density effects partly operate through size structure.

Importantly, site-specific conditions, particularly soil texture and depth deter-
mining water capacity, can modulate negative climate impacts (Lundgren et al.,
2025; Anderson-Teixeira et al., 2022), influencing both water accessibility dur-
ing the growing season and sensitivity to precipitation variability and drought
(Leuschner, 2020; van der Maaten-Theunissen et al., 2013).

Tree social status may further influence drought responses, although the direc-
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tion of this effect remains debated. Dominant trees benefit from greater resource
acquisition under favourable conditions, but their larger crowns and higher tran-
spiration demands may increase vulnerability during severe droughts. Conversely,
suppressed trees experience chronic resource limitation, which may reduce their ca-
pacity to withstand prolonged water deficits. Our results suggest that stand structure
and competitive interactions should therefore be considered jointly when evaluating
climate sensitivity. Shallow or coarse-textured soils restrict rooting depth and wa-
ter storage, whereas deeper soils provide larger reserves that sustain productivity.
Soil pH and nutrient availability also play a central role, as acidity and nutrient
imbalances can limit resource uptake and reduce growth efficiency (Augusto and
Boča, 2022; Jonard et al., 2015).

Elevation regulates temperature regimes and the length of the growing season.
Warming has already driven many tree species to establish and regenerate at higher
altitudes, effectively shifting their distributions upslope across Europe (Lenoir et
al., 2008). Lowland stands tend to be water-limited, whereas high-elevation stands
are more constrained by shorter, cooler growing seasons, highlighting elevation as
a fundamental control of forest dynamics (van der Maaten-Theunissen et al., 2013).

Our finding that spring climatic conditions are the primary drivers of inter-
annual radial growth is biologically plausible because earlywood constitutes the
largest fraction of annual ring formation and is produced during the period of
most intense cambial activity. Consequently, climatic conditions during spring
exert a stronger influence on annual radial increment than those prevailing later
in the growing season. By contrast, analyses focusing on wood density would
likely attribute greater importance to summer climatic conditions because latewood
formation occurs during that period.

More broadly, our results illustrate the importance of jointly modelling biolog-
ical and environmental sources of heterogeneity. By accounting simultaneously
for cross-classified species and ecological-region effects, together with tree-size
structure, the proposed framework separates structural differences in growth from
genuine differences in climate sensitivity. This distinction is essential for iden-
tifying which components of forest vulnerability arise from species composition,
environmental context, or stand structure under climate change.
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6 Conclusions

Climate sensitivity in temperate conifer forests cannot be adequately represented
by a single average response. By combining a national-scale forest inventory with a
cross-classified mixed modelling framework, we disentangle the joint contributions
of species identity, ecological context and stand structure to inter-annual radial
growth, providing a more comprehensive assessment of forest responses to climate
change.

Our results identify spring climatic conditions as the dominant driver of ra-
dial growth, while demonstrating that both the magnitude and, in some cases, the
direction of temperature responses vary substantially across species and ecologi-
cal regions. Accounting for tree size through within- and between-tree diameter
decomposition reveals that part of the apparent heterogeneity reflects structural
differences in stand composition rather than intrinsic physiological responses to
climate. Nevertheless, considerable variation persists after controlling for ontoge-
netic effects, confirming that climate sensitivity is jointly determined by biological
and environmental factors.

Beyond these methodological contributions, our findings suggest contrasting
ecological strategies between native and introduced species. Native species grow
more slowly even after controlling for climate, site conditions, competition and
tree size, whereas introduced species generally exhibit higher growth potential.
One possible interpretation is that the native species considered in our study adopt
more conservative resource-use strategies, prioritising persistence under variable
environmental conditions over maximizing short-term growth. Although this hy-
pothesis requires direct physiological validation, it provides a promising avenue
for future research into the adaptive strategies of temperate forests under climate
change.

More broadly, our findings support the argument of Holtmeier and Broll (2005)
that biological responses to global environmental change cannot be understood from
climate alone, but must be interpreted across interacting biological, environmen-
tal and temporal scales. By jointly modelling species identity, ecological context
and stand structure, our framework shows that climate sensitivity is intrinsically
structured rather than homogeneous. Consequently, forest responses to continued
warming are unlikely to occur as uniform shifts, but rather as spatially differen-
tiated adjustments in which species track locally favourable climatic and edaphic
conditions (Lenoir et al., 2008).
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These findings have important implications for both ecological forecasting and
forest management. Dynamic projections based on species- or region-aggregated
responses risk masking substantial differences in climate sensitivity and may there-
fore produce misleading estimates of future forest productivity. Reliable projections
require explicit consideration of cross-level heterogeneity, stand structure and eco-
logical context. Likewise, management strategies that promote structurally diverse
stands and species adapted to local environmental conditions are likely to enhance
resilience under continued climate change.

Ultimately, forest adaptation to climate change should be viewed as a problem
of differential sensitivity rather than average response. Climate sensitivity is a
structured, multilevel property of forest ecosystems, emerging from the interaction
between species traits, ecological context and stand structure. Recognising this
cross-level heterogeneity is essential for understanding, predicting and managing
forest dynamics in a rapidly changing climate.
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A.1 Appendix

A.1.1 Theoretical heterogeneity in the data

An idea of the heterogeneity in growth patterns and life-span characteristics in
the dataset, is from Table A.1, reporting, for each species, the “theoretical” range
of radial increment and diameter, and a brief description of the main silvicultural
traits.

Table A.1: “Theoretical” Conifer Species characteristics

Species, common (scientific) name Radial Increment range (cm/year) Diameter range (m) Notes and average lifespan

Douglas fir (Pseudotsuga menziesii) 0.3–0.77 0.6–1.2 High growth potential on productive sites, 700y.
Maritime pine (Pinus pinaster) 0.2–0.4 0.4–0.8 Common in coastal and Atlantic regions, 100-200y.
Norway spruce (Picea abies) 0.2–5 0.4–0.8 Sensitive to drought; good on moist soils, 200-300y.
Corsican pine (Pinus nigra subsp. laricio) 0.15–0.4 0.5–0.9 Performs well in Mediterranean uplands, 100-200y.
Silver fir (Abies alba) 0.2–0.5 0.6–1.0 Sensitive to late frost and early drought, 200-400y.
Aleppo pine (Pinus halepensis) 0.1–0.3 0.3–0.6 Drought-tolerant; low growth in dry sites, 100-150y.
Scots pine (Pinus sylvestris) 0.1..0.4 0.3–0.7 Widespread; variable depending on site, 150-300y.
European larch (Larix decidua) 0.2–0.5 0.4–0.8 Deciduous; fast early growth, 250-500y.

A.1.2 Spatial and Temporal Patterns of Climate

Climate conditions vary widely across French ecological regions, reflecting the
marked environmental heterogeneity of the country and making it a privileged
setting for analysing tree growth under diverse regimes. Table A.2 reports mean
seasonal temperature and precipitation (together with their standard deviations) by
ecological region, highlighting the spatial variability in climate across the French
territory. Distinct climatic patterns emerge, from the warm and dry Mediterranean
south to the cold and humid alpine zones, while intermediate oceanic and continental
regions exhibit more moderate conditions.

Besides the spatial climatic variation that is captured at the plot level, climate
also shows that the combination of warming and increase in precipitation has
become a concern, raising questions about the long-term resilience of forests to
climatic extremes. Alps are characterised by extremely cold temperatures and
high precipitations in 2011-2013, and Vosges by positive outliers in precipitations
of 2006 and 2011. Overall, seasonal temperatures across plots have increased
in 2008-2009 and in 2014-2016; seasonal precipitations show the occurrence of
anomalous years with droughts or altered rainfall patterns, which represent critical
stress factors for conifers, in 2007, 2009, 2016, while 2008, 2011, 2015-2016 are
characterised by increased rainfalls.

The dashboard of spatially weighted climate variables from Gortan et al. (2024)
is useful for examining annual climate anomalies, as it provides weighted averages
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that take into account socio-economic distributions (e.g., population, night lights,
cropland) when aggregating grid data to administrative units such as countries, so
that the values reflect the actual location of people and economic activity. For
France, the years 2011 and 2014 are confirmed to be particularly warm (above 12.6
°C), while 2009, 2013 and 2014 were characterised by high precipitations (above
850 mm).
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Table A.2: Mean seasonal temperature (◦C) and precipitations (mm)

Ecoregion Spring Summer Autumn Winter

1-Crystalline and Oceanic West 10.49 18.26 12.11 5.18
(0.41) (0.69) (0.49) (0.79)
170.9 137.6 196.2 205.5

(13.80) (14.65) ( 26.51) (34.20)
2-Semi-Oceanic Central North 9.93 17.92 11.31 4.04

(0.51) (0.74) (0.64) (1.06)
182.8 163.6 203.7 201.5

(20.01) (25.66) (29.25) (35.42)
3-Semi-Continental East 8.93 17.19 9.93 2.18

(0.74) (0.91) (0.60) (0.57)
217.0 213.2 242.1 254.7

(28.35) (24.91) (35.86) (40.15)
4-Vosges 8.37 16.85 9.28 1.25

(0.63) (0.60) (0.43) (0.42)
286.2 272.5 320.7 359.8

(44.99) (32.66) (52.26) 79.92)
5-Oceanic South West 12.42 20.06 14.28 7.22

(0.37) (0.20) (0.56) (0.72)
224.6 166.5 262.5 257.9

(32.50) (22.43) (39.61) (34.69)
6-Massif Central 8.04 16.79 9.88 2.35

(1.27) (1.19) (1.11) (1.12)
241.2 199.6 275.6 215.7

(29.38) (20.27) (47.79) (45.49)
7-Alps 5.91 15.28 8.13 0.37

(2.78) (2.75) (2.59) (2.20)
267.5 182.1 341.9 274.1

(54.69) (52.45) (40.96) (56.26)
8-Mediterranean 12.33 21.61 14.38 6.63

(0.82) (0.81) (0.80) (0.88)
160.4 90.2 245.2 169.7

(16.01) (15.07) (31.59) (19.18)

Total 9.41 17.81 11-16 3.74
(2.55) (2.26) (2.49) (2.72)
226.16 179.80 266.30 238.32
(48.27) (45.28) (60.05) (61.42)

Note: Standard deviations in parentheses.

A set of year-specific regressions was estimated to assess whether the relation-
ship between climate and growth changes over time during the period 2006 to 2016,
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and for each season (summer, spring, autumn, winter). The specification includes
the same controls used in conditional models (ss, gini, wolf_focal, rdi, wfcC, . . . ,
altitude, native, together with seasonal precipitation, temperature, and their inter-
action. The results are visualised through the coefficient plots in Figures A.1-A.3
from 2006 to 2016, just to confirm that spring seems to be the most relevant for the
resumption of the trees’ growth cycle.

Figure A.1: Coefficient estimates of mean temperature in yearly models, 2006–
2016. Horizontal bars indicate 95% confidence intervals.
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Figure A.2: Coefficient estimates of precipitations in yearly models, 2006–2016.
Horizontal bars indicate 95% confidence intervals.

Figure A.3: Coefficient estimates of the interaction between mean temperature
and precipitations in yearly models, 2006–2016. Horizontal bars indicate 95%
confidence intervals.

Mean temperature tends to be mostly positive and significant in 2008-2009,
2011-2012, and negative in 2016. Parameters –typically around 0.03–0.08–indicate
that one °C more in spring temperatures is associated with roughly 5.5% increment
in radial growth (similar effects in summer) when precipitations are at their average
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(226 mm in spring). Spring precipitation is positive and significant in 2007 and neg-
ative in 2010; the average estimated effect is 0.001, meaning an increment in radial
growth of 0.1% when temperatures are at the average (9 °C in spring). By con-
trast, the precipitation × temperature interaction is mainly negative and significant
particularly in 2009–2012, indicating that warm and wet seasons depress growth;
2007 is the exception with both temperature, precipitation and their interaction
significantly positive. Taken together, these patterns suggest that higher tempera-
tures and precipitation tended to be individually beneficial, but their combination
(higher temperatures and heavier rainfalls) tended to be detrimental—consistent
with mechanisms such as heat- and moisture-related stress outweighing otherwise
favourable moisture or warmth.

A.1.3 Additional checks

Although growing less on average in terms of radial increment, native trees react
more positively to rainfall and, in particular, to temperatures, as illustrated in Figure
A.4. For example, native × Prec_sprC is positive (≈ 0.002), implying that natives
gain about 0.2% additional growth per extra mm of spring rain. These findings are
consistent with the literature, which reports that native species often grow more
slowly than many introduced species used in monocultures, as the latter have been
specifically selected for rapid growth. At the same time, however, native trees tend
to be more stable under climate stress because they are better adapted to their local
environments.

(a) Spring effects by native (b) Predicted growth by spring effects and native

Figure A.4: Spring effects on radial increment by native

Figure A.5 shows that the Gini index tends to be positive for elevated precipi-
tations, indicating that more heterogeneous stands benefit more from rainfall, and
that the dangerousness of elevated temperatures and precipitations is smoothed by
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high altitudes.

(a) Spring effects by Gini index (b) Spring effects by elevation

Figure A.5: Focus on Gini index and elevation

Regarding competition, the wolf tree reduces growth in Douglas fir and Nor-
way spruce. Taking Douglas fir (the specie with the highest radial increment) as
benchmark, rdi (the tree Relative Density Index) reduces growth in Corsican pine,
Aleppo pine, European larch and Maritime pjne; the gini index penalises growth
of Corsican pine, while it increases growth of Norway spruce, Maritime pine and
European larch. The specie with the highest diameter is Silver fir; the wolf tree
reduces diameter growth of Maritime pine and Scots pine, while increases that of
European larch; the rdi reduces diameter growth of Scots pine, Silver fir, Norway
spruce and Aleppo pine; the gini index on diameter penalises Silver fir, while
stimulates Corsican pine.

The quantile-quantile plots of random effects and residuals, in Figure A.6,
confirm that European Larch in Alps is a negative outlier at the species-level and
Norway spruce in Vosges and Maritime pine in Oceanic south west are negative
outliers at the regional level.
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(a) Predicted intercepts at species level (b) Predicted slopes at species level

(c) Predicted intercepts at region level (d) Predicted slopes at region level

(e) Residuals (f) Standardized residuals

Figure A.6: Predicted random effects and residuals from MMRSD model
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