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Abstract:

We aimed to estimate the effects of annual mean temperature and precipitation on
understory plant traits and trait diversity in old-growth beech forests. We combined
sub-canopy and open-field measurements from local weather stations with data on
aboveground and belowground traits.

Relationships and potential confounding effects within the system were analysed using a
causal model. The resulting statistical model estimated the response of traits to interannual
weather fluctuations within a site, exploiting the longitudinal data from a 12-year monitoring
program.

Overall, temperature effects were uncertain, while precipitation effects were more precisely
estimated but small. Aboveground traits and trait diversity showed a positive response to
temperature, while belowground traits a negative response to precipitation, highlighting the
importance of considering distinct functional compartments and different sets of traits when
assessing plant responses to environmental variability.

More than half of the variation in trait diversity occurred among neighbouring sub-plots,
rather than among sites and years. This fine-scale heterogeneity suggests that
micro-environmental factors and biotic interactions might have a larger effect on the
coexistence of different functional strategies than broader-scale variation, environmental or
otherwise.

We conclude that interannual weather variability, especially in precipitation amount, has
limited effects on the functional properties of understory plant communities in undisturbed
beech forests. However, this apparent functional stability may be threatened by more
frequent climatic extremes or altered seasonal weather patterns.
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Introduction

What is the effect of weather on plant traits? Trait-based ecology promises to achieve a
general understanding of community assembly and ecosystem functioning by focusing on



measurable phenotypic characteristics reflecting adaptations to abiotic and biotic factors (de
Bello et al., 2025; Funk et al., 2017; McGill et al., 2006). Understanding how plant traits
respond to environmental variation is therefore a central question. Trait-environment
relationships have been widely investigated across large geographical scales (Bruelheide et
al., 2018; Ordonez et al., 2009; Wright et al., 2005), along environmental gradients (Dong et
al., 2020), and over long timescales (Ordonez & Svenning, 2017). Many cross-sectional
studies have examined the relationships between plant trait means and climate, particularly
for leaf traits (Dong et al., 2020; Wright et al., 2005), with mean temperature and
precipitation (Moles et al., 2014).

The focus on climate seems justified by the fact that variation in space and across geological
timescales should be largest, but the response of plant traits to interannual weather
variations has instead received less consideration. Weak relationships of traits with
macroclimate (Bruelheide et al., 2018; Kambach et al., 2023) suggest the need to look at
local conditions: effects of global change on plant communities are mediated by local
environmental conditions and microclimatic buffering, especially in forest understories (De
Frenne et al., 2021; Kemppinen et al., 2024). Indeed, a substantial amount of trait variation
can occur at the local scale (Hevia et al., 2016; Kang et al., 2014). Investigating interannual
variation in local weather may thus reveal responses that remain undetected when
relationships are assessed across geographical gradients using long-term climatic averages.

Most studies of this kind are cross-sectional in nature, comparing sites with different
geographical positions and conditions, in which relationships between traits and weather or
climate can easily be confounded by unobserved geographic differences; additionally, these
studies commonly employ gridded multi-year macroclimate as an explanatory variable (e.g.
Bruelheide et al., 2018; Kambach et al., 2023; Moles et al., 2014; Padullés Cubino et al.,
2021). Heilmeier (2019) considered evaluating the response of plant traits to the
environment through the observation of gradients, capable of encompassing large scales
and preserving biotic interactions and feedbacks but more susceptible to confounding, or
through experimental approaches, which allow for a more mechanistic understanding of
processes. This does not imply that ecologists interested in understanding effects and
drivers are limited to experiments: the causal inference framework, which we adopt here,
offers the possibility to make causal claims from observational data, under a set of
assumptions which explicitly state the relationships involved in the system (Correia et al.,
2026).

In this study, we focus on the understory of beech forests, one of the most widespread forest
types in Europe, covering approximately 15 million hectares (Brunet et al., 2010), in their
old-growth stage. Forest structure and canopy cover affect sub-canopy conditions, as well as
buffer from external variations (De Frenne et al., 2021; De Lombaerde et al., 2022;
Zellweger et al., 2020), thus an accurate assessment of these responses must take these
differences into account by direct measurement or modeling of sub-canopy weather (Chelli,
Bricca, et al., 2024; Haesen et al., 2021). Old-growth forests are deemed to provide a
relatively stable habitat (Frey et al., 2016; Wolf et al., 2021), resulting in a selective and less
diverse understory (Kermavnar & Kutnar, 2020; Ottaviani et al., 2019). At the same time,
old-growth structural and canopy features are non-equilibrial (Nagel et al., 2014), and clear
evidence in terms of interannual responses of understory plants to weather fluctuations
alongside this stability is still lacking.

In forest understories, aboveground traits are the most widely analysed. There is an
indication of a positive association of temperature with plant height, while evidence for
specific leaf area (SLA) is contrasting. Relationships with other leaf traits and for
precipitation seem weak (Maes et al., 2020; Padullés Cubino et al., 2021), although SLA
may increase with precipitation or moisture availability (Amatangelo et al., 2014; Candeias &
Fraterrigo, 2020). Beyond trait means, trait diversity provides complementary information on
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the functional structure of plant communities. However, its relationships with climate remain
comparatively understudied (see Andrew et al., 2021 for an example of geographic patterns
in relation to climate). Studies of forest understories suggest that trait diversity can also vary
with temperature and precipitation (Bricca et al., 2025), with an indication of an increase in
diversity for size-related traits and a decrease for leaf economics traits with temperature, and
weaker relationships with precipitation (Chelli, Bricca, et al., 2024; Padullés Cubino et al.,
2021).

While aboveground traits are considered to represent tradeoffs in plant size and resource
economics (Diaz et al., 2016), belowground clonal and bud bank traits inform on
non-acquisitive functions such as persistence, spatial exploration, and regeneration after
disturbance (Chelli, KlimeSova, et al., 2024; Tumber-Davila et al., 2026). At the same time,
above- and belowground plant compartments may respond differently to climatic variation,
since they are not coordinated and respond to distinct environmental constraints (Carmona
et al., 2021; Chelli, KlimeSova, et al., 2024; KlimeSova et al., 2021). As a consequence,
multifunctional, whole-plant approaches may provide a more comprehensive understanding
of how plant communities respond to changing environmental conditions.

Refining the initial question, we thus ask what is the response of understory plant traits and
trait diversity to interannual variation of local weather conditions, considering sets of
aboveground and belowground traits. In particular, we focus on annual mean temperature
(air and soil) and precipitation, variables that capture complementary aspects of the thermal
and water environments experienced by plants (Moles et al., 2014). We leverage a 12-year
panel dataset across four permanent forest monitoring sites, combining repeated
observations with weather measurements from local stations both sub-canopy and
open-field. By focusing on temporal variation within sites rather than on long-term climate
averages, our study provides an opportunity for a more direct estimation of how interannual
weather fluctuations influence plant functional characteristics, avoiding most of the
confounding factors inherent in spatial comparisons.

Methods

Study area and data collection

The data for this study comes from four Italian old-growth (> 100 years since last logging,
Campetella et al., 2020) beech forest (Fagus sylvatica L.) permanent monitoring sites,
spanning a latitudinal range of 46—38°N (Figure 1). The two northern sites belong to the
Alpine biogeographic region, the two southern sites to the Mediterranean one (Cervellini et
al., 2020). Historical mean annual precipitation and mean annual temperature of the sites
range between 1250-1900 mm and 5-10 °C, respectively, and the soils are slightly acidic
overlain by a well-developed decomposing organic horizon (Campetella et al., 2020).

The four sites belong to the Level Il of the ICP Forests network, surveyed over 12 years,
from 2000 to 2011. Within this timespan, seven annual vegetation surveys were performed
between June and August in 2000, 2001, 2002, 2005, 2006, 2008, and 2011. Species
identity and cover (cm?) were recorded for 100 non-adjacent 50 cm x 50 cm sampling units
arranged in a grid inside a 50 m x 50 m plot area (Figure 1) for all vascular plants up to 1.3
m of height. The sites experienced no substantial anthropogenic disturbances (i.e., logging,
deadwood removal, trampling) during the monitoring period, and are fenced to exclude
grazing by large herbivores.

As part of the monitoring programme, weather variables, including air temperature, soil
temperature, and precipitation, were measured both under the forest canopy (sub-canopy)
and a short distance outside of it (open-field). Measurements followed the ICP Forests
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Manual on Meteorological Measurements (Raspe et al., 2025). The weather data consists of
monthly means obtained from daily values.

All data collected and used in this study are available from De Benedictis et al. (2026).
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Figure 1. Location of the permanent monitoring forest sites and overview of the vegetation
sampling design. Map lines delineate study areas and do not necessarily depict accepted
national boundaries.

Plant traits and trait diversity

We consider ten widely studied plant traits: six aboveground traits, and four belowground
traits. The aboveground trait set includes leaf area (mm?), leaf nitrogen per mass (mg/g),
plant height (m), specific leaf area (mm?/mg), stem specific density (mg/mm?), and diaspore
mass (mg). The belowground trait set includes bud bank size (including root-derived buds)
and three clonal traits: multiplication rate, clonal lateral spread (cm/year), and persistence of
connection (years).

Trait data for the 82 species was compiled from several sources, including measurements
from specimens collected in proximity to the sites, other Italian forests, Diaz et al. (2022;
2022), CLO-PLA 3 (KlimeSova et al., 2017), BROT 2.0 (Tavsanoglu & Pausas, 2018), and
the TRY database (Kattge et al., 2020): see the dataset for details. When trait information
was missing, values from the most similar congeneric or the generic average were used
(9.1% of the values); clonal traits were set at zero for non-clonal species, and clonal traits for



three species were scored from the interpretation of herbarium specimen pictures. After
these steps, completeness was high (97.7% overall, 96.2% for aboveground traits, and
100% for belowground traits), thus no further gap-filling was performed. Specific sources for
each value are described in the dataset.

The vegetation records include six ferns and two saprophytes, which represent completely
different adaptations in regard to some traits: ferns have spores as diaspores, which cannot
be measured reliably and are clearly distinct; saprophytes have no photosynthetic ability, so
leaf traits and plant height, which are related to this process and competition for light, have a
different meaning. For these reasons, both categories have been excluded for the
calculation of trait diversity, and each from the analysis of those specific traits.

To reach a compromise between including small-scale heterogeneity and number of
replicates on one hand, and stability in the estimation of trait diversity with a low number of
species on the other hand, the sampling units were aggregated in groups of four into
sub-plots, keeping sub-plots with at least four species. Thus, estimates of trait diversity are
based on a non-contiguous 1 m? area (Figure 1), whereas estimates of cover-weighted trait
values simply aggregate species cover across all sampling units.

After considering missing trait values and excluded categories, sub-plots (for trait diversity)
and site-year combinations (for cover-weighted traits) were retained if the proportion of
species cover with available traits was >80%.

Trait diversity was calculated with Rao’s Quadratic Entropy (Rao, 1982) based on three
distance matrices, two based on aboveground and belowground trait subsets, and a third
which is an average of the former two (thus giving equal weight to the two trait subsets). The
distance matrices were calculated with the Gower dissimilarity by the FD package (Laliberté
et al., 2026), on traits transformed by the Box-Cox transformation with A chosen by
maximum likelihood. Instead of employing the raw trait diversity values, we calculated
standardized effect sizes (FD-SES) by subtracting the mean and dividing by the standard
deviation of 1000 randomizations: this controls for the dependence of quadratic entropy on
species richness due to zero dissimilarities between conspecifics with species-level data (de
Bello et al., 2016). The randomized values were obtained by permuting the distances
between species pairs, considering only species occurring in that site in any year; this is
consistent with the focus on within-site variation, and helps to further exclude differences in
FD-SES due to different species pools and richness across sites.

Because species trait values are used, changes in community means and FD-SES depend
on changes in species presence and abundance and are best interpreted as the result of
species replacement or changes in relative abundance (Cornwell & Ackerly, 2009), rather
than of intraspecific trait variation (Lep$ et al., 2011; Palacio et al., 2025).

Weather data processing

Sub-canopy annual values were derived from the average (for temperature) or sum (for
precipitation) of the 12 months preceding the survey (survey year), giving equal weight to
each month, assuming the monthly coverage is sufficient. Weather data coverage for the
surveyed years is incomplete, with missingness higher in some sites with respect to others
(Appendix 1, part 4); in particular, sub-canopy weather was not measured in one site
(04-CAM1), so it has not been considered in sub-canopy models. The percentage of missing
monthly values before imputation was 17.8% for air temperature, 23% for soil temperature,
and 26.2% for precipitation. We performed multiple imputation of 5 replicated datasets with
fully conditional specification and predictive mean matching through the package mice (van
Buuren & Groothuis-Oudshoorn, 2011): multiple imputation reflects the uncertainty of
imputations in the variation between the imputed datasets (Blomberg & Todorov, 2025). This



uncertainty is transferred to the analysis model, which takes the imputations and pools
estimates across them.

The probability of missingness depends on the site identity, so including this variable in the
imputation model makes the missingness ignorable (Figure 2). For the imputation model and
the analysis model to be congenial, the outcome variable should be included in the
imputation (D’Agostino McGowan et al., 2024). This leads to a compromise, because the
outcome (traits or trait diversity) has replicate measurements for each year and site
(sub-plots), while the weather data is at the site-level, but has monthly measurements.
Imputations are performed at the month level, even if annual values are of interest, because
missingness is not homogeneous across months and it can lead to considerable bias in
pre-averaged data. The chosen solution is to treat the outcome as time-invariant within each
year (because the analysis model is at the year level), and to use the mean of the outcome
as a site-level summary (because weather is a site-level variable). The imputation model
further includes all available weather variables, both sub-canopy and open-field, and canopy
cover. Only site-year combinations with observed data have been imputed, using
sub-canopy and open-field measurements from all sites.

For open-field data (Appendix 1, part 4), which has more complete coverage, we used
complete-case analysis, retaining survey years with all previous 12 months of data.

Graphical causal models

The identification of a causal effect requires the clear definition of a causal estimand (the
quantity of interest) and the correct set of adjustment variables, even before the functional
form of the statistical model is specified. Directed Acyclic Graphs (DAGs, Pearl, 2009) are an
intuitive non-parametric graphical representation of the causal relationships within the
system of interest, which summarize the necessary assumptions to recover the effect of
interest (in this case, the effect of weather on understory plant traits). From these, the
conditions under which an unbiased estimate is possible and an identification strategy
logically follow (Arif & MacNeil, 2023; Dudney et al., 2025; Siegel & Dee, 2025), such as
which variables should be adjusted for and which shouldn’t in the statistical model.
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Figure 2. DAG representing the relationships between relevant variables in the system.
Unobserved confounds (U,, U,) are circled; time-invariant confounds are shown in blue;
selection variables, which restrict the field of observed conditions, are shown in yellow;
variables which show what missing data depend on are shown in red (OF, open-field; SC,
sub-canopy). Relationships which define causal estimands are highlighted in red.

In the Figure 2 DAG, we consider in turn specific sets of traits as the outcome, while the
exposures are temperature (air and soil) and precipitation variables, either sub-canopy or
open-field. The causal estimand is the total causal effect of said variables on trait diversity
and community trait values.

According to the DAG, the effect of open-field weather on understory traits is mediated by
sub-canopy conditions. We need not assume that temperature and precipitation are
independent from each other, as it would not be in the case of heat waves and local weather
anomalies, for example (U,). The DAG also encodes that open-field soil temperature is not
directly related to understory traits, unlike sub-canopy soil temperature. While soil
temperature affects both aboveground and belowground traits, we assume that air
temperature affects only aboveground traits.

The main confounding path between exposures and outcomes is through differences in the
geographic position of sites, which result both in climatic differences in weather and in
biogeographic differences in their regional species pools. We can also imagine that the
geographic position affects plant traits in other ways (U,). The key consideration is that these
factors and geographic position do not vary within the considered timeframe, thus “within”
estimators for panel data can be used to recover the causal effects, conditionally on the
DAG and the absence of unobserved time-varying confounds (Byrnes & Dee, 2025). In
practice, this means examining the effects of within-site weather variations on understory
traits.

Forest structure plays a role in determining sub-canopy weather; while most structural
features do not plausibly affect understory plant traits directly, canopy cover is a structural
feature that might affect both traits and sub-canopy weather through its effect on light and
rainfall interception (Padullés Cubino et al., 2021). For these reasons, it is considered a
potential confound for all sub-canopy weather-trait relationships.

Edaphic features are another main determinant of understory plant traits (Candeias &
Fraterrigo, 2020; Chelli et al., 2019). While geological substrate can be considered part of
the time-invariant geographic features, soil chemistry (pH, carbon, nitrogen, phosphorus,
etc.) is susceptible to change during the observed period, possibly at scales smaller than the
plot area. Soil chemistry (Jager et al., 2015) and biota (Hahn et al., 2018; Orwin et al., 2010)
can plausibly affect plant traits, and they are themselves affected by sub-canopy weather
(Johnson & Martin, 2016), through for example effects of temperature on litter decomposition
(Petraglia et al., 2019), of precipitation on organic carbon (lavorivska et al., 2016) and
nitrogen deposition, and on microbial biomass (Shi et al., 2018). These reasons place soil
features as mediators, not confounders, of weather effects in Figure 2.

Statistical models

Bayesian models have been fitted to the data through the brms R package (Burkner, 2017).
Examination of the DAG with dagitty (Textor et al., 2016) indicates that the adjustment sets
for the effects of open-field weather, aside from time-invariant confounds, require no other
variable than the two weather variables (precipitation for temperature, temperature for
precipitation), while sub-canopy models require to be adjusted for the confounding effect of
canopy cover.

There are several ways to leverage longitudinal observational data to account for
unobserved, time-invariant confounding (Dudney et al., 2025; Hamaker & Muthén, 2020): in



general, they separate the relationship between exposure and outcome in within-unit effects
and between-unit effects; the latter represent a relationship confounded by between-unit
differences in both variables, while the former should be free of confounding from variables
that are stable within units (i.e., time-invariant). The method adopted here is the fixed-effects
estimator, which absorbs all the variation between units in the outcome into site-specific
intercepts. Alternative formulations have been tested (Appendix 1, part 5) and found to yield
equivalent results, with the fixed-effects model being conceptually simpler, as well as more
efficient and faster to sample.

It is reasonable to think that temperature and precipitation interact to affect traits (such as
the combined effects of heat and drought, or evaporative cooling). Interaction terms pose an
additional challenge to within-unit estimation, where the same “within-between”
decomposition applies, resulting in interaction effects within sites, between sites, as well as
across levels (Giesselmann & Schmidt-Catran, 2022), which means that the interaction must
be built from group-centered variables after subtracting the site means, where the additional
between-site variation in this centered interaction is absorbed by the site intercepts. The
easier specification of these interaction terms with fixed-effects estimators is another reason
they were preferred. Mean-centering of main effects in fixed-effects models is not necessary,
because these effects already represent within-site effects net of site differences, but it has
been performed anyway to improve model sampling by decorrelating intercept and slope
parameters.

The above considerations result in model formulas of the kind:

y ~ TW + PW + TW:PW+ site

Where the w subscript indicates within-site, mean-centered temperature and precipitation.
Sub-canopy weather models additionally include percent canopy cover. According to the
DAG (Figure 2), T is air temperature for open-field weather, aboveground traits, or overall
trait diversity, while sub-canopy soil temperature is used for belowground traits.

The site factors have been coded with sum coding: this has the advantage that a value of
zero represents the grand mean of the outcome across sites, allowing predictions for an
average site other than for specific sites.

Weakly informative priors were used, together with prior predictive simulations (Appendix 1,
parts 5, 6, 8), to constrain and regularize outcomes and effects within reasonable bounds
(Gelman et al., 2013, 2017). This has been aided by scaling predictors by their approximate
standard deviations, such that priors can be specified in terms of a change in predictors by
that amount; the raw empirical standard deviations have not been used directly because
they vary slightly between open-field, sub-canopy, across imputations and different subset of
the data, so a representative value is used instead for consistency across models (2.5 °C for
temperature, 600 mm for precipitation). FD-SES outcomes were not centered nor scaled,
since this quantity has by construction an expectation of zero and a standard deviation of
one. Trait outcomes have been scaled, but not centered, to keep them realistically bounded
to positive values; instead, prior specification was aided by brms using the centered design
matrix by default. Convergence was verified using trace rank plots, pairs plots of draws, and
numerical diagnostics (Vehtari et al., 2021).

The data model family was assumed to be Gaussian for FD-SES, while for individual traits it
was chosen based on substantive considerations for the specific trait and posterior
predictive checks against the observed data. In most cases lognormal models were chosen,
with the exception of stem specific density and bud bank size, which are Gaussian
(Appendix 2, Table 1). For the three clonal traits, zero values have a special meaning,
indicating that the species is not clonal: this is reflected in the use of hurdle-lognormal
models, which correctly account for this distinction by modeling zeros separately, reflecting
changes both in the proportion of clonal species and in the values of clonal traits.



Additionally, values of persistence of 4 should be interpreted as “4 years or more”
(KlimeSova et al., 2017); accordingly, these values have been treated as right-censored.

To infer effects on trait values at the community level, it is common to weigh species
contributions by their cover proportions (Community-weighted mean, Violle et al., 2007).
Instead of pre-averaging values at the site-year level, here species trait values were used
directly, with averaging performed inside the model by regression weights. This allows for
the inclusion of variation between coexisting species in the model and additional species
information, such as whether such species is clonal or not and censored values, while
obtaining equivalent inferences on the cover-weighted trait mean.

All data handling and statistical analyses were performed with R, version 4.6.1 (R Core
Team, 2026). Further details about analysis steps, workflow and exploratory analyses are
shown in the code notebooks, available as Supplementary material (Appendix 1).

Results

In most cases, there is substantial uncertainty regarding the effects of annual temperature
and precipitation on both understory trait diversity and trait values (Figures 3—-6). In general,
effects of temperature are possibly large but uncertain, while effects of precipitation are
better defined but weaker. The larger uncertainty is probably due to the smaller within-site
variation of sub-canopy annual mean temperature compared to precipitation.

Aboveground trait diversity shows an indication of decreasing with temperature, while
belowground and overall diversity do not (Figure 3). A decrease in trait diversity with
precipitation is particularly evident for belowground traits (Figure 3f). Posterior predictions of
conditional effects of weather help to put these results into context: a consistent change of at
least 2° C in annual mean temperature and more than 1000 mm in precipitation within a site
are required for a change in FD-SES of more than 0.5.

Cover-weighted traits show the same pattern of larger uncertainty for temperature than for
precipitation effects. There is weak evidence of a decrease in leaf area (Figure 4a) and an
increase in plant height (Figure 4c) with temperature, while diaspore mass (Figure 4e), leaf
nitrogen per mass (Figure 5a) and specific leaf area (Figure 5¢) seem to remain stable. It is
hard to draw conclusions on temperature effects on stem specific density (Figure 5e) and
belowground traits (Figure 6; a, c, e, g). Effects of precipitation are positive on leaf area
(Figure 4b) and bud bank size (Figure 6b), negative for multiplication rate (Figure 6d), while
they seem to be close to zero on other traits. The hurdle model components for clonal traits
(Appendix 2, Figure 3) show that weather does not seem to affect the proportion of clonal
species, but rather the values of clonal traits across clonal species.

Interactions between temperature and precipitation cannot be estimated with certainty in
most cases (Appendices 2-5), but there is the possibility that simultaneous changes in one
variable can drastically alter the effect of the other, even changing the sign of the
relationship. This seems to be the case for specific leaf area (Appendix 4, Figure 5) and bud
bank size (Appendix 4, Figure 7): in the former, a positive synergy between temperature and
precipitation seems to underlie the lack of independent effects, in the latter a concomitant
increase in precipitation could attenuate the negative effect of mean soil temperature, at the
same time as the weak effect of precipitation can be modulated by temperature (Appendix
4).

Indirect open-field weather effects on trait diversity generally resemble those of sub-canopy
weather (Appendix 2, Figure 1; Appendix 5), except for no indication of a decrease of
aboveground trait diversity with temperature, and a stronger decrease in aboveground



diversity with precipitation, which is also reflected in the effect on overall diversity. We
assessed the differences between open-field and sub-canopy air temperature and
precipitation with correlations, ratio of standard deviations (SD), and major axis regressions
on monthly data. Sub-canopy and open-field air temperatures are strongly correlated (r =
0.98), with similar dispersions (SD ratio 0.96) and a slope close to 1 (0.96); for precipitation,
the correlation is lower (r = 0.78), there is less variation in sub canopy weather (SD ratio
0.82), and the slope is less than 1 (0.78) (Appendix 6, Table 1).
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Figure 3. Posterior predictions of conditional effects for sub-canopy mean air temperature
(a, c, e) and precipitation (b, d, f) on the expectation of overall (a, b), aboveground (c, d), and
belowground (e, f) FD-SES, together with data points. The predictions do not represent any
specific site, but rather the effects of within-site variation for an average site. The solid black
line corresponds to the posterior median, the grey shading to quantile intervals of increasing
width.
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Figure 4. Posterior predictions of conditional effects for sub-canopy mean air temperature
(a, c, e) and precipitation (b, d, f) on the expectation of leaf area (a, b), plant height (c, d),
and diaspore mass (e, f), together with data points. The predictions do not represent any
specific site, but rather the effects of within-site variation for an average site. The solid black
line corresponds to the posterior median, the grey shading to quantile intervals of increasing
width. Point size is proportional to the relative cover of a species within a site and year.
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Figure 5. Posterior predictions of conditional effects for sub-canopy mean air temperature
(a, c, ) and precipitation (b, d, f) on the expectation of leaf nitrogen per mass (a, b), specific
leaf area (c, d), and stem specific density (e, f), together with data points. The predictions do
not represent any specific site, but rather the effects of within-site variation for an average
site. The solid black line corresponds to the posterior median, the grey shading to quantile
intervals of increasing width. Point size is proportional to the relative cover of a species
within a site and year.
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Figure 6. Posterior predictions of conditional effects for sub-canopy mean air temperature
(a, c, e, g) and precipitation (b, d, f, h) on the expectation of bud bank size (a, b),
multiplication rate (c, d), lateral spread (e, f), and persistence (g, h), together with data
points. The predictions do not represent any specific site, but rather the effects of within-site
variation for an average site. The solid black line corresponds to the posterior median, the
grey shading to quantile intervals of increasing width.

Discussion

“What is the effect of interannual weather on plant traits in old-growth beech forest
understory” might seem a simple question, but we have shown that there are some
challenges to overcome to try and find an honest answer. The complementary consideration
of sub-canopy and open-field weather sheds light on the direct influence of environmental
variation on understory traits, and on the capacity of the forest to buffer against external
changes, respectively. Negligible effects of open-field or sub-canopy weather would support
the view of old-growth forests as a stable ecosystem in terms of understory traits, whereas
more substantial changes would warn against the vulnerability of this ecosystem to
environmental changes. While we cannot confidently exclude larger effects of changes in air



and soil temperature, and interactions with precipitation, independent effects of precipitation
seem generally small both on trait diversity and trait values (but for the latter see leaf area,
Figure 4b; bud bank size, Figure 6b; multiplication rate, Figure 6d). Considering the
magnitude of the predicted responses across the observed ranges of temperature and
precipitation, our results suggest that interannual weather variability does not greatly impact
the functioning of undisturbed temperate forest understories. However, this apparent relative
stability should not be interpreted as evidence that these ecosystems are insensitive to
climate change, particularly if future changes involve more frequent climatic extremes, or
altered seasonal patterns of precipitation, not considered in our study.

The separate consideration of aboveground and belowground trait sets for functional
diversity highlighted different responses that are not apparent when both compartments are
considered together (i.e. overall, Figure 3). Specifically, the decrease of aboveground
FD-SES with temperature is not apparent for belowground FD-SES, while aboveground
FD-SES is not negatively affected by precipitation as belowground FD-SES.

Trait means were also affected in different amounts, but there is no clear separation between
aboveground and belowground compartments. For instance, leaf area, an aboveground trait,
shows a similar pattern to bud bank size, a belowground trait, while plant height shows an
opposite response. It has been highlighted that the formation of bud-bearing organs comes
at the expense of vertical growth (Midgley, 1996), so this result, if confirmed, could indicate a
shift at the community level from a strategy of persistence to one of competitive ability with
warmer and drier conditions (Appendix 4; Figures 2, 7). More broadly, these contrasting
responses confirm that aboveground and belowground functional attributes may capture
different dimensions of understory responses to climatic variability (Chelli, KlimeSova, et al.,
2024; Klimesova et al., 2021). This is particularly relevant when assessing ecosystem
responses to global change, because changes in aboveground traits do not necessarily
reflect concurrent changes in belowground strategies, and vice-versa.

The small, but usually negative, effects of precipitation on traits and trait diversity align with
previous findings (Maes et al., 2020; Padullés Cubino et al., 2021), which seem to hold
despite the differences between sub-canopy and open-field precipitation and the potential for
confounding effects. Still, the indirect effects of open-field precipitation appear larger
(Appendices 2-3) than those of sub-canopy precipitation; while differences between
open-field and sub-canopy temperature are well documented (De Frenne et al., 2021),
differences in precipitation might not only be due to canopy interception, but also to stemflow
(Johnson & Martin, 2016). At the same time, soil moisture should be preserved more
effectively by the forest microclimate regardless of the precipitation input. Estimating a total
causal effect, such as that of weather on traits, makes no assumptions about the specific
mechanisms through which this effect is exerted, such as indirect effects through humidity,
soil biota, or litter.

Another interesting contrast was found between multi-year gridded climate from widely used
sources such as WorldClim 2.1 (Fick & Hijmans, 2017) and CHELSA 2.1 (Brun et al., 2022),
and the measurements from open-field stations averaged across the whole study period:
while mean air temperature was similar, precipitation was severely lower in at least two sites
in both gridded datasets (Appendix 6, Table 2). We do not know the extent of this bias, but
leave this example as a warning about the use of these data sources, especially without
modelling the contribution of local conditions (Frey et al., 2016).

The assessment of trait diversity at small scales shows that there is considerable variation
among sub-plots experiencing the same weather conditions. To compare this to the variation
among sites and years (due also to weather), the Bayesian R? (Gelman et al., 2019) of a
model with an intercept for each site-year was calculated. The residual variance of sub-plots
within site-years was large: 61% for overall, 55% for aboveground, and 79% for belowground
trait diversity (Appendix 1, part 6). Previous studies have highlighted the importance of



small-scale soil heterogeneity in forests (Beck & Givnish, 2021; Helbach et al., 2022), which
might explain a considerable part of this variation. Weather effects can be considered
independently from these soil effects, as shown in Figure 2 and the corresponding Methods
section; additionally, the permanent placement of sampling units within a plot ensures that
the distribution of time-invariant micro-environmental features remains constant during the
monitoring period.

In conclusion, the small-scale (sub-plots of four 0.25 m? sampling units) assessment of trait
diversity shows that most of the variation is not explained by plot-scale (2500 m?) factors,
environmental or otherwise, that vary among sites and years, but rather it is variation among
neighbouring sampling units at the same point in time. From a global change perspective,
this finding opens the question of whether lasting small-scale heterogeneity may contribute
to the persistence of contrasting plant strategies within communities under changing
environmental conditions.

In this study, we narrowed our focus on mean annual temperature and annual precipitation,
because of their widespread use in ecological studies (Moles et al., 2014), but we do not
claim that they exert the strongest influence on understory plant traits. Other studies have
considered climatic extremes and intra-annual variability (Chelli et al., 2019; Padullés Cubino
et al., 2021; Vanneste et al., 2019), as well as spring or summer temperatures and winter
growing degree days (Wolf et al., 2021); it is possible that these variables are more
mechanistically related to understory responses. At the same time, we do not exclude that
different traits or sets of traits might provide different or more informative results.
Furthermore, it is possible that intraspecific variation is an important contributor to
weather-induced trait changes, while we are considering changes due to species
replacement and abundance differences. We therefore encourage further studies to
investigate how seasonal weather patterns and climatic extremes in forest microclimates
influence different functional compartments and traits, including intraspecific variation
(Palacio et al., 2025).

Conclusion

This study represents an advancement in basic but fundamental questions about
trait-environment relationships in forest understory plant communities, whose answers can
be attempted from incremental knowledge. We cautiously limit external validity to
undisturbed old-growth beech forests. It must be noted that beech forests in the Apennines
(such as those in 01-ABR1, 03-CAL1, 04-CAM1; Figure 1) experience a warmer, drier
climate and are spatially isolated from those of central Europe (Ottaviani et al., 2019).

It has been suggested to narrow the assessment of trait responses within habitat types
(Kambach et al., 2023); while this contrasts with the goal of obtaining more general
conclusions from traits, there are two reasons this would be effective: less opportunity for
confounding and effect heterogeneity. Besides interactions resulting from mechanistic
context dependence, the phenomenon can apparently arise from confounding factors,
methodological, and statistical differences, such as the inclusion or not of covariates or
different observed ranges of the variables (Catford et al., 2022). We address these points by
transparently reporting the assumptions and the scientific reasoning behind the analyses, as
well as presenting the results in a way that is easy to interpret. If contrasting results are
found, this can be due to context dependence as much as to different analytical decisions.

An expanded dataset, both in temporal extent and in number of sites, can possibly resolve
the large uncertainty around most effects. Attempting to reduce conclusions to binary
summaries in the presence of large uncertainty has the potential to grossly overestimate the
magnitude of the effects or even mistake their signs (Gelman & Carlin, 2014), thus we have
chosen to present the results in a way that preserves their uncertainty.



Data availability statement

Data and code supporting the results in the paper are available at
https://doi.org/10.5281/zenodo0.24167466 and https://doi.org/10.5281/zenodo.24167182,
respectively.

Acknowledgements

The authors thank Gianluigi Ottaviani, Alessandro Bricca, and Chiara Scalet for the fruitful
discussions and feedback. \We also thank the Italian ICP Forests - CON.ECO.FOR. network,
managed by Arma dei Carabinieri, Comando Unita Forestali, Ambientali e Agroalimentari -
SM — Ufficio Progetti, Convenzioni, Educazione Ambientale.

Author contributions

Conceptualization: all authors. Data Curation: L.L.M.D.B. Formal Analysis: L.L.M.D.B.
Methodology: L.L.M.D.B, C. P. C., E. T. Project Administration: R.C. Software:
L.L.M.D.B. Supervision: S.C., R.C., C.P.C,, G.C. Visualization: L.L.M.D.B. Writing —
Original Draft: L.L.M.D.B., S.C. Writing — Review & Editing: all authors.

Funding

L.L.M.D.B., G.C., and R.C. were supported by the RE.DI. (REducing risks of natural
Dlsasters) Consortium.

References

Amatangelo, K. L., Johnson, S. E., Rogers, D. A., & Waller, D. M. (2014). Trait-environment
relationships remain strong despite 50 years of trait compositional change in
temperate forests. Ecology, 95(7), 1780-1791. https://doi.org/10.1890/13-0757 .1

Andrew, S. C., Mokany, K., Falster, D. S., Wenk, E., Wright, I. J., Merow, C., Adams, V., &
Gallagher, R. V. (2021). Functional diversity of the Australian flora: Strong links to
species richness and climate. Journal of Vegetation Science, 32(2), e13018.
https://doi.org/10.1111/jvs.13018

Arif, S., & MacNeil, M. A. (2023). Applying the structural causal model framework for
observational causal inference in ecology. Ecological Monographs, 93(1), e1554.
https://doi.org/10.1002/ecm.1554

Beck, J. J., & Givnish, T. J. (2021). Fine-scale environmental heterogeneity and spatial niche
partitioning among spring-flowering forest herbs. American Journal of Botany, 108(1),
63—73. https://doi.org/10.1002/ajb2.1593

Blomberg, S. P.,, & Todorov, O. S. (2025). The fallacy of single imputation for trait databases:
Use multiple imputation instead. Methods in Ecology and Evolution, 16(4), 658—667.
https://doi.org/10.1111/2041-210X.14494

Bricca, A., Jiménez-Alfaro, B., Chytry, M., Chytry, K., Padullés Cubino, J.,
Fernandez-Gonzalez, F., Ciaramella, D., Alessi, N., Argagnon, O., Cerabolini, B.,
Chiarucci, A., Dang-Le, A. T., Dalle Fratte, M., Dziuba, T., Kavgaci, A., Jandt, U.,
Niinemets, U., Sibikova, M., Vassilev, K., ... Bonari, G. (2025). Biodiversity Within
and Beyond the Native Distribution of Tree Species: The Case of Pinus nigra Forests
in Europe. Global Ecology and Biogeography, 34(4), e70036.
https://doi.org/10.1111/geb.70036


https://doi.org/10.5281/zenodo.24167466
https://doi.org/10.5281/zenodo.24167182

Bruelheide, H., Dengler, J., Purschke, O., Lenoir, J., Jiménez-Alfaro, B., Hennekens, S. M.,
Botta-Dukat, Z., Chytry, M., Field, R., Jansen, F., Kattge, J., Pillar, V. D., Schrodt, F.,
Mahecha, M. D., Peet, R. K., Sandel, B., van Bodegom, P., Altman, J.,
Alvarez-Davila, E., ... Jandt, U. (2018). Global trait—-environment relationships of
plant communities. Nature Ecology & Evolution, 2(12), 1906-1917.
https://doi.org/10.1038/s41559-018-0699-8

Brun, P., Zimmermann, N. E., Hari, C., Pellissier, L., & Karger, D. N. (2022). Global
climate-related predictors at kilometer resolution for the past and future. Earth
System Science Data, 14(12), 5573-5603.
https://doi.org/10.5194/essd-14-5573-2022

Brunet, J., Fritz, O., & Richnau, G. (2010). Biodiversity in European beech forests—A review
with recommendations for sustainable forest management. Ecological Bulletins, (53),
77-94.

Burkner, P.-C. (2017). brms: An R Package for Bayesian Multilevel Models Using Stan.
Journal of Statistical Software, 80(1), 1-28. https://doi.org/10.18637/jss.v080.i01

Byrnes, J. E. K., & Dee, L. E. (2025). Causal Inference With Observational Data and
Unobserved Confounding Variables. Ecology Letters, 28(1), e70023.
https://doi.org/10.1111/ele.70023

Campetella, G., Chelli, S., Simonetti, E., Damiani, C., Bartha, S., Wellstein, C., Giorgini, D.,
Puletti, N., Mucina, L., Cervellini, M., & Canullo, R. (2020). Plant functional traits are
correlated with species persistence in the herb layer of old-growth beech forests.
Scientific Reports, 10(1), 19253. Scopus.
https://doi.org/10.1038/s41598-020-76289-7

Candeias, M., & Fraterrigo, J. (2020). Trait coordination and environmental filters shape
functional trait distributions of forest understory herbs. Ecology and Evolution, 10(24),
14098-14112. https://doi.org/10.1002/ece3.7000

Carmona, C. P, Bueno, C. G., Toussaint, A., Trager, S., Diaz, S., Moora, M., Munson, A. D.,
Partel, M., Zobel, M., & Tamme, R. (2021). Fine-root traits in the global spectrum of
plant form and function. Nature, 597(7878), 683—-687.
https://doi.org/10.1038/s41586-021-03871-y

Catford, J. A., Wilson, J. R. U., Py3ek, P., Hulme, P. E., & Duncan, R. P. (2022). Addressing
context dependence in ecology. Trends in Ecology & Evolution, 37(2), 158-170.
https://doi.org/10.1016/j.tree.2021.09.007

Cervellini, M., Zannini, P., Musciano, M. D., Fattorini, S., Jiménez-Alfaro, B., Rocchini, D.,
Field, R., Vetaas, O. R., Irl, S. D. H., Beierkuhnlein, C., Hoffmann, S., Fischer, J.-C.,
Casella, L., Angelini, P., Genovesi, P., Nascimbene, J., & Chiarucci, A. (2020). A
grid-based map for the Biogeographical Regions of Europe. Biodiversity Data
Journal, 8, €53720. https://doi.org/10.3897/BDJ.8.e53720

Chelli, S., Bricca, A., Tsakalos, J. L., Andreetta, A., Bonari, G., Campetella, G., Carnicelli, S.,
Cervellini, M., Puletti, N., Wellstein, C., & Canullo, R. (2024). Multiple drivers of
functional diversity in temperate forest understories: Climate, soil, and forest
structure effects. Science of The Total Environment, 916, 170258. Scopus.
https://doi.org/10.1016/j.scitotenv.2024.170258

Chelli, S., KlimeSova, J., Tsakalos, J. L., & Puglielli, G. (2024). Unravelling the clonal trait
space: Beyond above-ground and fine-root traits. Journal of Ecology, 112(4),
730-740. Scopus. https://doi.org/10.1111/1365-2745.14265

Chelli, S., Simonetti, E., Wellstein, C., Campetella, G., Carnicelli, S., Andreetta, A., Giorgini,
D., Puletti, N., Bartha, S., & Canullo, R. (2019). Effects of climate, soil, forest
structure and land use on the functional composition of the understorey in Italian
forests. Journal of Vegetation Science, 30(6), 1110-1121.
https://doi.org/10.1111/jvs.12792

Cornwell, W. K., & Ackerly, D. D. (2009). Community assembly and shifts in plant trait
distributions across an environmental gradient in coastal California. Ecological
Monographs, 79(1), 109-126. https://doi.org/10.1890/07-1134.1



Correia, H. E., Dee, L. E., Byrnes, J. E. K., Fieberg, J. R., Fortin, M.-J., Glymour, C., Runge,
J., Shipley, B., Shpitser, I., Siegel, K. J., Sugihara, G., von Holle, B., & Ferraro, P. J.
(2026). Best practices for moving from correlation to causation in ecological
research. Nature Communications, 17(1), 1981.
https://doi.org/10.1038/s41467-026-69878-z

D’Agostino McGowan, L., Lotspeich, S. C., & Hepler, S. A. (2024). The “Why” behind
including “Y” in your imputation model. Statistical Methods in Medical Research,
33(6), 996—1020. https://doi.org/10.1177/09622802241244608

de Bello, F., Carmona, C. P., Lep§, J., Szava-Kovats, R., & Partel, M. (2016). Functional
diversity through the mean trait dissimilarity: Resolving shortcomings with existing
paradigms and algorithms. Oecologia, 180(4), 933—940.
https://doi.org/10.1007/s00442-016-3546-0

de Bello, F., Fischer, F. M., Puy, J., Shipley, B., Verdu, M., Gétzenberger, L., Lavorel, S.,
Moretti, M., Wright, I. J., Berg, M. P., Carmona, C. P., Cornelissen, J. H. C., Dias, A.
T. C., Gibb, H., Leps, J., Madin, J. S., Majekova, M., Pausas, J. G., Segrestin, J., ...
Garnier, E. (2025). Raunkieeran shortfalls: Challenges and perspectives in trait-based
ecology. Ecological Monographs, 95(2), e70018. https://doi.org/10.1002/ecm.70018

De Benedictis, L. L. M., Chelli, S., Canullo, R., Carmona, C. P., Cervellini, M., Tordoni, E.,
Tsakalos, J. L., & Campetella, G. (2026). Effects of interannual weather on
understory plant traits in old-growth beech forests.
https://doi.org/10.5281/zenodo.24167466

De Frenne, P., Lenoir, J., Luoto, M., Scheffers, B. R., Zellweger, F., Aalto, J., Ashcroft, M. B.,
Christiansen, D. M., Decocq, G., De Pauw, K., Govaert, S., Greiser, C., Gril, E.,
Hampe, A., Jucker, T., Klinges, D. H., Koelemeijer, |. A., Lembrechts, J. J., Marrec,
R., ... Hylander, K. (2021). Forest microclimates and climate change: Importance,
drivers and future research agenda. Global Change Biology, 27(11), 2279-2297.
https://doi.org/10.1111/gcb.15569

De Lombaerde, E., Vangansbeke, P., Lenoir, J., Van Meerbeek, K., Lembrechts, J.,
Rodriguez-Sanchez, F., Luoto, M., Scheffers, B., Haesen, S., Aalto, J., Christiansen,
D. M., De Pauw, K., Depauw, L., Govaert, S., Greiser, C., Hampe, A., Hylander, K.,
Klinges, D., Koelemeijer, 1., ... De Frenne, P. (2022). Maintaining forest cover to
enhance temperature buffering under future climate change. Science of The Total
Environment, 810, 151338. https://doi.org/10.1016/j.scitotenv.2021.151338

Diaz, S. (2022). The global spectrum of plant form and function dataset (Version 1.0) [Data
set]. TRY. 81. https://doi.org/10.17871/TRY.81

Diaz, S., Kattge, J., Cornelissen, J. H. C., Wright, I. J., Lavorel, S., Dray, S., Reu, B., Kleyer,
M., Wirth, C., Colin Prentice, I., Garnier, E., Bonisch, G., Westoby, M., Poorter, H.,
Reich, P. B., Moles, A. T., Dickie, J., Gillison, A. N., Zanne, A. E., ... Gorné, L. D.
(2016). The global spectrum of plant form and function. Nature, 529(7585), 167-171.
https://doi.org/10.1038/nature 16489

Diaz, S., Kattge, J., Cornelissen, J. H. C., Wright, I. J., Lavorel, S., Dray, S., Reu, B., Kleyer,
M., Wirth, C., Prentice, |. C., Garnier, E., Bonisch, G., Westoby, M., Poorter, H.,
Reich, P. B., Moles, A. T., Dickie, J., Zanne, A. E., Chave, J., ... Zotz, G. (2022). The
global spectrum of plant form and function: Enhanced species-level trait dataset.
Scientific Data, 9(1), 755. https://doi.org/10.1038/s41597-022-01774-9

Dong, N., Prentice, I. C., Wright, I. J., Evans, B. J., Togashi, H. F., Caddy-Retalic, S.,
Mclnerney, F. A., Sparrow, B., Leitch, E., & Lowe, A. J. (2020). Components of
leaf-trait variation along environmental gradients. New Phytologist, 228(1), 82—94.
https://doi.org/10.1111/nph.16558

Dudney, J., Dee, L. E., Heilmayr, R., Byrnes, J., & Siegel, K. (2025). A Causal Inference
Framework for Climate Change Attribution in Ecology. Ecology Letters, 28(8),
e70192. https://doi.org/10.1111/ele.70192

Fick, S. E., & Hijmans, R. J. (2017). WorldClim 2: New 1-km spatial resolution climate
surfaces for global land areas. International Journal of Climatology, 37(12),
4302-4315. https://doi.org/10.1002/joc.5086



Frey, S. J. K., Hadley, A. S., Johnson, S. L., Schulze, M., Jones, J. A., & Betts, M. G. (2016).
Spatial models reveal the microclimatic buffering capacity of old-growth forests.
Science Advances, 2(4), e1501392. https://doi.org/10.1126/sciadv.1501392

Funk, J. L., Larson, J. E., Ames, G. M., Butterfield, B. J., Cavender-Bares, J., Firn, J.,
Laughlin, D. C., Sutton-Grier, A. E., Williams, L., & Wright, J. (2017). Revisiting the
Holy Grail: Using plant functional traits to understand ecological processes. Biological
Reviews, 92(2), 1156-1173. https://doi.org/10.1111/brv.12275

Gelman, A., & Carlin, J. (2014). Beyond Power Calculations: Assessing Type S (Sign) and
Type M (Magnitude) Errors. Perspectives on Psychological Science, 9(6), 641-651.
https://doi.org/10.1177/1745691614551642

Gelman, A,, Carlin, J. B., Stern, H. S., Dunson, D. B., Vehtari, A., & Rubin, D. B. (2013).
Bayesian Data Analysis (3rd ed.). Chapman and Hall/CRC.
https://doi.org/10.1201/b16018

Gelman, A., Goodrich, B., Gabry, J., & Vehtari, A. (2019). R-squared for Bayesian
Regression Models. The American Statistician, 73(3), 307-309.
https://doi.org/10.1080/00031305.2018.1549100

Gelman, A., Simpson, D., & Betancourt, M. (2017). The Prior Can Often Only Be Understood
in the Context of the Likelihood. Entropy, 19(10), Article 10.
https://doi.org/10.3390/e19100555

Giesselmann, M., & Schmidt-Catran, A. W. (2022). Interactions in Fixed Effects Regression
Models. Sociological Methods & Research, 51(3), 1100-1127.
https://doi.org/10.1177/0049124120914934

Haesen, S., Lembrechts, J. J., De Frenne, P., Lenoir, J., Aalto, J., Ashcroft, M. B., Kopecky,
M., Luoto, M., Maclean, I., Nijs, I., Niittynen, P., van den Hoogen, J., Arriga, N.,
Brana, J., Buchmann, N., Ciliak, M., Collalti, A., De Lombaerde, E., Descombes, P.,
... Van Meerbeek, K. (2021). ForestTemp — Sub-canopy microclimate temperatures
of European forests. Global Change Biology, 27(23), 6307—6319.
https://doi.org/10.1111/gcb.15892

Hahn, P. G., Bullington, L., Larkin, B., LaFlamme, K., Maron, J. L., & Lekberg, Y. (2018).
Effects of Short- and Long-Term Variation in Resource Conditions on Soil Fungal
Communities and Plant Responses to Soil Biota. Frontiers in Plant Science, 9.
https://doi.org/10.3389/fpls.2018.01605

Hamaker, E. L., & Muthén, B. (2020). The fixed versus random effects debate and how it
relates to centering in multilevel modeling. Psychological Methods, 25(3), 365-379.
https://doi.org/10.1037/met0000239

Heilmeier, H. (2019). Functional traits explaining plant responses to past and future climate
changes. Flora, Functional Traits Explaining Plant Responses to Past and Future
Climate Changes, 254, 1-11. https://doi.org/10.1016/j.flora.2019.04.004

Helbach, J., Frey, J., Messier, C., Morsdorf, M., & Scherer-Lorenzen, M. (2022). Light
heterogeneity affects understory plant species richness in temperate forests
supporting the heterogeneity—diversity hypothesis. Ecology and Evolution, 12(2),
€8534. https://doi.org/10.1002/ece3.8534

Hevia, V., Carmona, C. P., Azcarate, F. M., Torralba, M., Alcorlo, P., Arifo, R., Lozano, J.,
Castro-Cobo, S., & Gonzalez, J. A. (2016). Effects of land use on taxonomic and
functional diversity: A cross-taxon analysis in a Mediterranean landscape. Oecologia,
181(4), 959-970. https://doi.org/10.1007/s00442-015-3512-2

lavorivska, L., Boyer, E. W., & DeWalle, D. R. (2016). Atmospheric deposition of organic
carbon via precipitation. Atmospheric Environment, Acid Rain and Its Environmental
Effects: Recent Scientific Advances, 146, 153—163.
https://doi.org/10.1016/j.atmosenv.2016.06.006

Jager, M. M., Richardson, S. J., Bellingham, P. J., Clearwater, M. J., & Laughlin, D. C.
(2015). Sail fertility induces coordinated responses of multiple independent functional
traits. Journal of Ecology, 103(2), 374—-385. https://doi.org/10.1111/1365-2745.12366

Johnson, E. A., & Martin, Y. E. (2016). A Biogeoscience Approach to Ecosystems.
Cambridge University Press.



Kambach, S., Sabatini, F. M., Attorre, F., Biurrun, |., Boenisch, G., Bonari, G., Carni, A.,
Carranza, M. L., Chiarucci, A., Chytry, M., Dengler, J., Garbolino, E., Golub, V.,
Gliler, B., Jandt, U., Jansen, J., Jaskova, A., Jiménez-Alfaro, B., Karger, D. N, ...
Bruelheide, H. (2023). Climate-trait relationships exhibit strong habitat specificity in
plant communities across Europe. Nature Communications, 14(1), 712.
https://doi.org/10.1038/s41467-023-36240-6

Kang, M., Chang, S. X,, Yan, E.-R., & Wang, X.-H. (2014). Trait variability differs between
leaf and wood tissues across ecological scales in subtropical forests. Journal of
Vegetation Science, 25(3), 703-714. https://doi.org/10.1111/jvs.12118

Kattge, J., Bonisch, G., Diaz, S., Lavorel, S., Prentice, |. C., Leadley, P., Tautenhahn, S.,
Werner, G. D. A., Aakala, T., Abedi, M., Acosta, A. T. R., Adamidis, G. C., Adamson,
K., Aiba, M., Albert, C. H., Alcantara, J. M., Alcazar C, C., Aleixo, I., Ali, H., ... Wirth,
C. (2020). TRY plant trait database — enhanced coverage and open access. Global
Change Biology, 26(1), 119-188. https://doi.org/10.1111/gcb.14904

Kemppinen, J., Lembrechts, J. J., Van Meerbeek, K., Carnicer, J., Chardon, N. I, Kardol, P,,
Lenoir, J., Liu, D., Maclean, I., Pergl, J., Saccone, P., Senior, R. A, Shen, T.,
Stowinska, S., Vandvik, V., von Oppen, J., Aalto, J., Ayalew, B., Bates, O., ... De
Frenne, P. (2024). Microclimate, an important part of ecology and biogeography.
Global Ecology and Biogeography, 33(6), e13834. https://doi.org/10.1111/geb.13834

Kermavnar, J., & Kutnar, L. (2020). Patterns of Understory Community Assembly and Plant
Trait-Environment Relationships in Temperate SE European Forests. Diversity, 12(3),
91. https://doi.org/10.3390/d12030091

Klimesova, J., Danihelka, J., Chrtek, J., de Bello, F., & Herben, T. (2017). CLO-PLA: a
database of clonal and bud-bank traits of the Central European flora. Wiley Online
Library.

Klimesova, J., Ottaviani, G., Charles-Dominique, T., Campetella, G., Canullo, R., Chelli, S.,
Janovsky, Z., Lubbe, F. C., Martinkova, J., & Herben, T. (2021). Incorporating
clonality into the plant ecology research agenda. Trends in Plant Science, 26(12),
1236-1247. Scopus. https://doi.org/10.1016/j.tplants.2021.07.019

Laliberté, E., Legendre, P., & Shipley, B. (2026). FD: measuring functional diversity from
multiple traits, and other tools for functional ecology.

Lep$, J., de Bello, F., Smilauer, P., & Dolezal, J. (2011). Community trait response to
environment: Disentangling species turnover vs intraspecific trait variability effects.
Ecography, 34(5), 856—863. https://doi.org/10.1111/j.1600-0587.2010.06904.x

Maes, S. L., Perring, M. P, Depauw, L., Bernhardt-Rémermann, M., Blondeel, H., Brimelis,
G., Brunet, J., Decocq, G., Ouden, J. den, Govaert, S., Hardtle, W., Hédl, R.,
Heinken, T., Heinrichs, S., Hertzog, L., Jaroszewicz, B., Kirby, K., Kopecky, M.,
Landuyt, D., ... Verheyen, K. (2020). Plant functional trait response to environmental
drivers across European temperate forest understorey communities. Plant Biology,
22(3), 410-424. https://doi.org/10.1111/plb.13082

McGill, B. J., Enquist, B. J., Weiher, E., & Westoby, M. (2006). Rebuilding community
ecology from functional traits. Trends in Ecology & Evolution, 21(4), 178-185.
https://doi.org/10.1016/j.tree.2006.02.002

Midgley, J. J. (1996). Why the world’s vegetation is not totally dominated by resprouting
plants; because resprouters are shorter than reseeders. Ecography, 19(1), 92—-95.
https://doi.org/10.1111/j.1600-0587.1996.tb00159.x

Moles, A. T., Perkins, S. E., Laffan, S. W., Flores-Moreno, H., Awasthy, M., Tindall, M. L.,
Sack, L., Pitman, A., Kattge, J., Aarssen, L. W., Anand, M., Bahn, M., Blonder, B.,
Cavender-Bares, J., Cornelissen, J. H. C., Cornwell, W. K., Diaz, S., Dickie, J. B.,
Freschet, G. T., ... Bonser, S. P. (2014). Which is a better predictor of plant traits:
Temperature or precipitation? Journal of Vegetation Science, 25(5), 1167-1180.
https://doi.org/10.1111/jvs.12190

Nagel, T. A., Svoboda, M., & Kobal, M. (2014). Disturbance, life history traits, and dynamics
in an old-growth forest landscape of southeastern Europe. Ecological Applications,
24(4), 663-679. https://doi.org/10.1890/13-0632.1



Ordonez, A., & Svenning, J.-C. (2017). Consistent role of Quaternary climate change in
shaping current plant functional diversity patterns across European plant orders.
Scientific Reports, 7(1), 42988. https://doi.org/10.1038/srep42988

Ordofiez, J. C., Van Bodegom, P. M., Witte, J.-P. M., Wright, I. J., Reich, P. B., & Aerts, R.
(2009). A global study of relationships between leaf traits, climate and soil measures
of nutrient fertility. Global Ecology and Biogeography, 18(2), 137—149.
https://doi.org/10.1111/j.1466-8238.2008.00441.x

Orwin, K. H., Buckland, S. M., Johnson, D., Turner, B. L., Smart, S., Oakley, S., & Bardgett,
R. D. (2010). Linkages of plant traits to soil properties and the functioning of
temperate grassland. Journal of Ecology, 98(5), 1074—1083.
https://doi.org/10.1111/j.1365-2745.2010.01679.x

Ottaviani, G., Gotzenberger, L., Bacaro, G., Chiarucci, A., de Bello, F., & Marcantonio, M.
(2019). A multifaceted approach for beech forest conservation: Environmental drivers
of understory plant diversity. Flora, 256, 85-91.
https://doi.org/10.1016/j.flora.2019.05.006

Padullés Cubino, J., Biurrun, |., Bonari, G., Braslavskaya, T., Font, X., Jandt, U., Jansen, F.,
Rasomavigius, V., Skvorc, Z., Willner, W., & Chytry, M. (2021). The leaf economic
and plant size spectra of European forest understory vegetation. Ecography, 44(9),
1311-1324. https://doi.org/10.1111/ecog.05598

Palacio, F. X., Ottaviani, G., Mammola, S., Graco-Roza, C., de Bello, F., & Carmona, C. P.
(2025). Integrating intraspecific trait variability in functional diversity: An overview of
methods and a guide for ecologists. Ecological Monographs, 95(2), e70024.
https://doi.org/10.1002/ecm.70024

Pearl, J. (2009). Causality. Cambridge university press.

Petraglia, A., Cacciatori, C., Chelli, S., Fenu, G., Calderisi, G., Gargano, D., Abeli, T.,
Orsenigo, S., & Carbognani, M. (2019). Litter decomposition: Effects of temperature
driven by soil moisture and vegetation type. Plant and Soil, 435(1), 187—-200.
https://doi.org/10.1007/s11104-018-3889-x

R Core Team. (2026). R: a language and environment for statistical computing [Manual]. R
Foundation for Statistical Computing. https://doi.org/10.32614/R.manuals

Rao, C. R. (1982). Diversity and dissimilarity coefficients: A unified approach. Theoretical
Population Biology, 21(1), 24—43. https://doi.org/10.1016/0040-5809(82)90004-1

Raspe, S., Fleck, S., Beuker, E., Preuhsler, T., & Bastrup-Birk, A. (2025). Meteorological
Measurements. In Manual on methods and criteria for harmonized sampling,
assessment, monitoring and analysis of the effects of air pollution on forests (Vol. 9).
Thinen Institute of Forest Ecosystems.
https://www.icp-forests.net/fileadmin/icp_forests/Dateien/Manual_Versions/2025-202
6_neu/ICPF_Manual_part09_2025-1_Meteorology.pdf

Shi, L., Zhang, H., Liu, T., Mao, P., Zhang, W., Shao, Y., & Fu, S. (2018). An increase in
precipitation exacerbates negative effects of nitrogen deposition on soil cations and
soil microbial communities in a temperate forest. Environmental Pollution, 235,
293-301. https://doi.org/10.1016/j.envpol.2017.12.083

Siegel, K., & Dee, L. E. (2025). Foundations and Future Directions for Causal Inference in
Ecological Research. Ecology Letters, 28(1), e70053.
https://doi.org/10.1111/ele.70053

Tavsanoglu, C., & Pausas, J. G. (2018). A functional trait database for Mediterranean Basin
plants. Scientific Data, 5(1), 180135. https://doi.org/10.1038/sdata.2018.135

Textor, J., Zander, B. van der, Gilthorpe, M. S., Liskiewicz, M., & Ellison, G. T. (2016). Robust
causal inference using directed acyclic graphs: The R package “dagitty.” International
Journal of Epidemiology, 45(6), 1887—1894. https://doi.org/10.1093/ije/dyw341

Tumber-Davila, S. J., Andraczek, K., Laughlin, D. C., Bruelheide, H., Bombo, A. B., Fan, Y.,
Fidelis, A., Freschet, G. T., Hartmann, L., Hennecke, J., Howard, C. C., Jimoh, S. O.,
Klimesova, J., Mommer, L., Ramalevha, T., Siebert, F., Weigelt, A., & Bergmann, J.
(2026). Still standing: Persistence traits capture belowground plant functions beyond



resource exploration and acquisition. New Phytologist.
https://doi.org/10.1111/nph.71544

van Buuren, S., & Groothuis-Oudshoorn, K. (2011). mice: Multivariate Imputation by Chained
Equations in R. Journal of Statistical Software, 45(3), 1-67.
https://doi.org/10.18637/jss.v045.i03

Vanneste, T., Valdés, A., Verheyen, K., Perring, M. P., Bernhardt-Rémermann, M., Andrieu,
E., Brunet, J., Cousins, S. A. O., Deconchat, M., De Smedt, P., Diekmann, M.,
Ehrmann, S., Heinken, T., Hermy, M., Kolb, A., Lenoir, J., Liira, J., Naaf, T., Paal, T.,
... De Frenne, P. (2019). Functional trait variation of forest understorey plant
communities across Europe. Basic and Applied Ecology, 34, 1-14.
https://doi.org/10.1016/j.baae.2018.09.004

Vehtari, A., Gelman, A., Simpson, D., Carpenter, B., & Burkner, P.-C. (2021).
Rank-Normalization, Folding, and Localization: An Improved R" for Assessing
Convergence of MCMC (with Discussion). Bayesian Analysis, 16(2), 667—718.
https://doi.org/10.1214/20-BA1221

Violle, C., Navas, M.-L., Vile, D., Kazakou, E., Fortunel, C., Hummel, I., & Garnier, E. (2007).
Let the concept of trait be functional! Oikos, 116(5), 882—892.
https://doi.org/10.1111/j.0030-1299.2007.15559.x

Wolf, C., Bell, D. M., Kim, H., Nelson, M. P., Schulze, M., & Betts, M. G. (2021). Temporal
consistency of undercanopy thermal refugia in old-growth forest. Agricultural and
Forest Meteorology, 307, 108520. https://doi.org/10.1016/j.agrformet.2021.108520

Wright, I. J., Reich, P. B., Cornelissen, J. H. C., Falster, D. S., Groom, P. K., Hikosaka, K.,
Lee, W., Lusk, C. H., Niinemets, U., Oleksyn, J., Osada, N., Poorter, H., Warton, D. I.,
& Westoby, M. (2005). Modulation of leaf economic traits and trait relationships by
climate. Global Ecology and Biogeography, 14(5), 411-421.
https://doi.org/10.1111/j.1466-822x.2005.00172.x

Zellweger, F., De Frenne, P., Lenoir, J., Vangansbeke, P., Verheyen, K.,
Bernhardt-Rémermann, M., Baeten, L., Hédl, R., Berki, I., Brunet, J., Van Calster, H.,
Chudomelova, M., Decocq, G., Dirnbock, T., Durak, T., Heinken, T., Jaroszewicz, B.,
Kopecky, M., Mali§, F., ... Coomes, D. (2020). Forest microclimate dynamics drive
plant responses to warming. Science, 368(6492), 772—775.
https://doi.org/10.1126/science.aba6880



Appendix 1: code notebooks

Available at
https://github.com/LucianoDeBenedictis/beech weather traits/tree/main/notebooks



https://github.com/LucianoDeBenedictis/beech_weather_traits/tree/main/notebooks

Appendix 2: model coefficients and families

Trait diversity models use the identity link, while coefficients for most trait models are on the
latent parameter scale, which is on the log-mean for lognormal models, while the hurdle
coefficient uses the logit link function. Refer to the main text and Appendix 1, parts 6 and 8,
for details.

Model Family

Trait diversity Gaussian, identity link

Leaf area Lognormal, identity link (on log-mean)

Leaf nitrogen per mass Lognormal, identity link (on log-mean)
Plant height Lognormal, identity link (on log-mean)
Specific leaf area Lognormal, identity link (on log-mean)
Stem specific density Gaussian, identity link

Diaspore mass Lognormal, identity link (on log-mean)

Bud bank size Gaussian, identity link

Multiplication rate Hurdle-lognormal, identity link on log-mean,

logit on hurdle

Lateral spread Hurdle-lognormal, identity link on log-mean,
logit on hurdle

Persistence Hurdle-lognormal, identity link on log-mean,
logit on hurdle

Table 1. Summary of model families and link functions.
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Figure 1. Model coefficients for trait diversity models. MAT: mean air temperature; MST:
mean soil temperature; P: precipitation; INT: interaction.
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Appendix 3: plots of sub-canopy trait diversity
models with interactions
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Figure 1. Posterior predictions of conditional effects for sub-canopy mean air temperature
(a—c) and precipitation (d—f) on the expectation of overall FD-SES, together with data points.
The predictions do not represent any specific site, but rather the effects of within-site
variation for an average site. The solid black line corresponds to the posterior median, the
grey shading to quantile intervals of increasing width. Interactions are shown as triptychs,
with the other weather variable held at the site mean (b, e), one approximate standard

deviation below (a, d), and one above (c, f).
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Figure 2. Posterior predictions of conditional effects for sub-canopy mean air temperature
(a—c) and precipitation (d—f) on the expectation of aboveground FD-SES, together with data
points. The predictions do not represent any specific site, but rather the effects of within-site
variation for an average site. The solid black line corresponds to the posterior median, the
grey shading to quantile intervals of increasing width. Interactions are shown as triptychs,
with the other weather variable held at the site mean (b, e), one approximate standard
deviation below (a, d), and one above (c, f).
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Figure 3. Posterior predictions of conditional effects for sub-canopy mean air temperature
(a—c) and precipitation (d—f) on the expectation of belowground FD-SES, together with data
points. The predictions do not represent any specific site, but rather the effects of within-site
variation for an average site. The solid black line corresponds to the posterior median, the
grey shading to quantile intervals of increasing width. Interactions are shown as triptychs,
with the other weather variable held at the site mean (b, e), one approximate standard
deviation below (a, d), and one above (c, f).



Appendix 4: plots of sub-canopy trait mean
models with interactions
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Figure 1. Posterior predictions of conditional effects for sub-canopy mean air temperature
(a—c) and precipitation (d—f) on the expectation of leaf area, together with data points. The
predictions do not represent any specific site, but rather the effects of within-site variation for
an average site. The solid black line corresponds to the posterior median, the grey shading
to quantile intervals of increasing width. Point size is proportional to the relative cover of a
species within a site and year. Interactions are shown as triptychs, with the other weather
variable held at the site mean (b, e), one approximate standard deviation below (a, d), and
one above (c, f).
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Figure 2. Posterior predictions of conditional effects for sub-canopy mean air temperature
(a—c) and precipitation (d—f) on the expectation of plant height, together with data points. The
predictions do not represent any specific site, but rather the effects of within-site variation for
an average site. The solid black line corresponds to the posterior median, the grey shading
to quantile intervals of increasing width. Point size is proportional to the relative cover of a
species within a site and year. Interactions are shown as triptychs, with the other weather
variable held at the site mean (b, e€), one approximate standard deviation below (a, d), and
one above (c, f).
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Figure 3. Posterior predictions of conditional effects for sub-canopy mean air temperature
(a—c) and precipitation (d—f) on the expectation of diaspore mass, together with data points.
The predictions do not represent any specific site, but rather the effects of within-site
variation for an average site. The solid black line corresponds to the posterior median, the
grey shading to quantile intervals of increasing width. Point size is proportional to the relative
cover of a species within a site and year. Interactions are shown as triptychs, with the other
weather variable held at the site mean (b, €), one approximate standard deviation below (a,
d), and one above (c, f).
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Figure 4. Posterior predictions of conditional effects for sub-canopy mean air temperature
(a—c) and precipitation (d—f) on the expectation of leaf nitrogen per mass, together with data
points. The predictions do not represent any specific site, but rather the effects of within-site
variation for an average site. The solid black line corresponds to the posterior median, the
grey shading to quantile intervals of increasing width. Point size is proportional to the relative
cover of a species within a site and year. Interactions are shown as triptychs, with the other
weather variable held at the site mean (b, €), one approximate standard deviation below (a,
d), and one above (c, f).
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Figure 5. Posterior predictions of conditional effects for sub-canopy mean air temperature
(a—c) and precipitation (d—f) on the expectation of specific leaf area, together with data
points. The predictions do not represent any specific site, but rather the effects of within-site
variation for an average site. The solid black line corresponds to the posterior median, the
grey shading to quantile intervals of increasing width. Point size is proportional to the relative
cover of a species within a site and year. Interactions are shown as triptychs, with the other
weather variable held at the site mean (b, €), one approximate standard deviation below (a,
d), and one above (c, f).
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Figure 6. Posterior predictions of conditional effects for sub-canopy mean air temperature
(a—c) and precipitation (d—f) on the expectation of stem specific density, together with data
points. The predictions do not represent any specific site, but rather the effects of within-site
variation for an average site. The solid black line corresponds to the posterior median, the
grey shading to quantile intervals of increasing width. Point size is proportional to the relative
cover of a species within a site and year. Interactions are shown as triptychs, with the other
weather variable held at the site mean (b, €), one approximate standard deviation below (a,
d), and one above (c, f).
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Figure 7. Posterior predictions of conditional effects for sub-canopy mean air temperature
(a—c) and precipitation (d—f) on the expectation of bud bank size, together with data points.
The predictions do not represent any specific site, but rather the effects of within-site
variation for an average site. The solid black line corresponds to the posterior median, the
grey shading to quantile intervals of increasing width. Point size is proportional to the relative
cover of a species within a site and year. Interactions are shown as triptychs, with the other
weather variable held at the site mean (b, €), one approximate standard deviation below (a,
d), and one above (c, f).
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Figure 8. Posterior predictions of conditional effects for sub-canopy mean air temperature
(a—c) and precipitation (d—f) on the expectation of multiplication rate, together with data
points. The predictions do not represent any specific site, but rather the effects of within-site
variation for an average site. The solid black line corresponds to the posterior median, the
grey shading to quantile intervals of increasing width. Point size is proportional to the relative
cover of a species within a site and year. Interactions are shown as triptychs, with the other
weather variable held at the site mean (b, €), one approximate standard deviation below (a,
d), and one above (c, f).



- 600 mm Site mean precipitation +600 mm
(]

0o 0o

5 10 5 10 5 10
Annual mean soil temperature (°C)

-2.5°C Site mean soil temperature +25°C

Lateral spread (cm/year)

0 1000 2000
Annual precipitation (mm)

. Site o 01-ABR1 © 03-CAL1 20-VEN1
wicer, TR
0.25 0.50 0.75

Figure 9. Posterior predictions of conditional effects for sub-canopy mean air temperature
(a—c) and precipitation (d—f) on the expectation of lateral spread, together with data points.
The predictions do not represent any specific site, but rather the effects of within-site
variation for an average site. The solid black line corresponds to the posterior median, the
grey shading to quantile intervals of increasing width. Point size is proportional to the relative
cover of a species within a site and year. Interactions are shown as triptychs, with the other
weather variable held at the site mean (b, €), one approximate standard deviation below (a,
d), and one above (c, f).
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Figure 10. Posterior predictions of conditional effects for sub-canopy mean air temperature
(a—c) and precipitation (d—f) on the expectation of persistence, together with data points. The
predictions do not represent any specific site, but rather the effects of within-site variation for
an average site. The solid black line corresponds to the posterior median, the grey shading
to quantile intervals of increasing width. Point size is proportional to the relative cover of a
species within a site and year. Interactions are shown as triptychs, with the other weather
variable held at the site mean (b, e€), one approximate standard deviation below (a, d), and
one above (c, f).



Appendix 5: plots of open-field trait diversity
models with interactions
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Figure 1. Posterior predictions of conditional effects for open-field mean air temperature
(a—c) and precipitation (d—f) on the expectation of overall FD-SES, together with data points.
The predictions do not represent any specific site, but rather the effects of within-site
variation for an average site. The solid black line corresponds to the posterior median, the
grey shading to quantile intervals of increasing width. Interactions are shown as triptychs,
with the other weather variable held at the site mean (b, e), one approximate standard
deviation below (a, d), and one above (c, f).
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Figure 2. Posterior predictions of conditional effects for open-field mean air temperature
(a—c) and precipitation (d—f) on the expectation of aboveground FD-SES, together with data
points. The predictions do not represent any specific site, but rather the effects of within-site
variation for an average site. The solid black line corresponds to the posterior median, the
grey shading to quantile intervals of increasing width. Interactions are shown as triptychs,
with the other weather variable held at the site mean (b, e), one approximate standard
deviation below (a, d), and one above (c, f).
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Figure 3. Posterior predictions of conditional effects for open-field mean air temperature
(a—c) and precipitation (d—f) on the expectation of belowground FD-SES, together with data
points. The predictions do not represent any specific site, but rather the effects of within-site
variation for an average site. The solid black line corresponds to the posterior median, the
grey shading to quantile intervals of increasing width. Interactions are shown as triptychs,
with the other weather variable held at the site mean (b, e), one approximate standard
deviation below (a, d), and one above (c, f).



Appendix 6: comparisons between weather
and climate sources

r SD ratio MA slope
Mean air temperature 0.98 (0.98-0.99) 0.96 (0.94-0.97) 0.96 (0.94-0.97)
Precipitation 0.78 (0.74-0.81) 0.82 (0.76-0.9) 0.78 (0.7-0.86)

Table 1. Correlations, standard deviation ratios (ITP/OFD), and major axis regression slopes
between sub-canopy and open-field weather, for mean air temperature and precipitation.

Site 01-ABR1 03-CAL1 04-CAM1 20-VEN1
Longitude 13.58976 16.179124 15.428361 12.382952
Latitude 41.849678 38.426114 40.43414 46.057586

Annual mean
temperature (°C) 7.63 12.27 10.06 7.34
WorldClim

Annual mean

temperature (°C) 6.35 11.85 9.15 6.35
CHELSA

Annual mean

temperature (°C) 6.48 104 9.73 6
measured

Annual precipitation

(mm) WorldClim 789 890 758 1069
Annual precipitation

(mm) CHELSA 1178 1151 1059 1455
Annual precipitation 961 1879 1103 2108

(mm) measured

Table 2. Comparison of gridded near current climate from WorldClim 2.1 (Fick & Hijmans,
2017) and CHELSA 2.1 (Brun et al., 2022) with open-field measurements, averaged across
the monitoring period. WorldClim data refers to the period 1970-2000, CHELSA data to
1981-2010.
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