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A B S T R A C T

Forests are increasingly impacted by climate change, affecting tree growth and carbon sequestration. Tree-ring 
width, closely related to tree growth, is a key climate proxy, yet models describing ring width or growth often 
lack comprehensive environmental data. This study assesses ERA5-Land data for tree-ring width prediction 
compared to automatic weather station observations, emphasizing the value of extended and global climate data.

We analyzed 723 site-averaged and detrended tree-ring chronologies from two broadleaved and two gym
nosperm species across Europe, integrating them with ERA5-Land climate data, CO2 concentration, and a 
drought index (SPEI12). A subset was compared with weather station data. For modelling interannual variations 
of tree-ring width we used linear models to assess parameter importance.

ERA5-Land and weather-station-based models performed similarly, maintaining stable correlations and 
consistent errors. Models based on meteorological data from weather stations highlighted SPEI12, sunshine 
duration, and temperature extremes, while ERA5-Land models emphasized SPEI12, dew-point temperature 
(humidity), and total precipitation. CO2 positively influenced the growth of gymnosperm species. ERA5-Land 
facilitated broader spatial analysis and incorporated additional factors like evaporation, snow cover, and soil 
moisture. Monthly assessments revealed the importance of parameters for each species.

Our findings confirm that ERA5-Land is a reliable alternative for modeling tree growth, offering new insights 
into climate-vegetation interactions. The ready availability of underutilized parameters, such as air humidity, 
soil moisture and temperature, and runoff, enables their inclusion in future growth models. Using ERA5-Land can 
therefore deepen our understanding of forest responses to diverse environmental drivers on a global scale.

1. Introduction

Temperate and boreal forest ecosystems are exposed to an increas
ingly warmer and often drier climate (IPCC, 2023). While some forest 
ecosystems may benefit from an extended growing season, drought has 
become a major growth constraint, fostering mortality (Senf et al., 2020) 
and reducing growth (Bose et al., 2024; Vicente-Serrano et al., 2014). 
Growth and the underlying physiological processes that support 
photosynthesis, cambial activity and xylogenesis (Schweingruber, 2007) 
are under direct environmental control, in particular by temperature 
and hydroclimatic conditions (Etzold et al., 2014; Martínez-Fernández 

et al., 2019). Tree-ring width (TRW) provide important long-term evi
dence of how tree growth responded to the past environment (Anderegg 
et al., 2015; Kannenberg et al., 2020; Schweingruber, 2012; Jeong et al., 
2021). As tree species exhibit a wide variety of growth rates, water use 
strategies, and ability to tolerate low/high temperatures and droughts 
(Obladen et al., 2021; Serra-Maluquer et al., 2022), species-specific 
patterns in climate response of tree growth are required (Babst et al., 
2013). Furthermore, TRW data contain age- and size-related trends 
(Weiner and Thomas, 2001), CO2 fertilisation effects (Arco Molina et al., 
2024; Keenan et al., 2013), biological memory effects including drought 
legacies (Anderegg et al., 2015; Bose et al., 2024; Kannenberg et al., 
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2020), and perturbations and other properties at stand level (manage
ment, insect outbreaks, etc.; (Altman et al., 2013; Sedjo and Sohngen, 
2012)).

With anticipated fluctuations in climate conditions (Berg and Shef
field, 2018), an accurate representation of growing conditions will be of 
increasing importance to predict future forest development (Tang et al., 
2024). Different types of forest growth models exist and are becoming 
essential tools in research, management, and policymaking (Blanco and 
Lo, 2023). For example, process-based forest growth models commonly 
applied at smaller scales (e.g. Gupta and Sharma, 2019; Härkönen et al., 
2019) integrate site information, and derive current growing conditions 
from meteorological data. Applicability of these models depends heavily 
on climate time series traditionally provided by automatic weather 
stations (‘AWS’) (WMO, 2023). Networks such as the ‘Remote Auto
mated Weather Station’ (Western Regional Climate Center, 2008), and 
the ‘European Climate Assessment&Dataset’ (‘ECA&D’ or ‘E-OBS’) 
(Klein Tank et al., 2002) already provide platforms on a large scale, 
although the access to larger amounts of data can be challenging. In 
other regions meteorological data are scattered across national agencies, 
not synchronized and of limited availability; many remote sites are still 
not covered by surface observations (Sabatini, 2017). Other limitations 
include the highly variable temporal coverage by AWS (Capra et al., 
2013; Castellanos-Acuna and Hamann, 2020), compounded by the 
decommissioning of stations or cessation of specific measurements. In 
turn, the available data vary in the degree of information provided 
(Pelosi et al., 2021). Readily available data on evapotranspiration or 
belowground parameters such as soil moisture, which are considered 
increasingly important for modelling climate-vegetation feedbacks 
(Balting et al., 2021; Jaafar and Sujud, 2024), are lacking. As a result, 
most process-based growth models use, for example, basic water bal
ances obtained as the difference between total evapotranspiration and 
precipitation (Gupta and Sharma, 2019; Härkönen et al., 2019; Lexer 
and Hönninger, 2001), while advanced parameters such as winter soil 
water storage or delayed runoff from snow (Swann et al., 2016) cannot 
usually be considered. This may limit the performance of (tree) growth 
models under changing climate conditions (Bugmann, 2001) and hinder 
the modelling of more specific processes (e.g. regeneration, root growth 
(Blanco and Lo, 2023)). Therefore, standardized meteorological and 
bioclimatic datasets beyond the current limitations of AWS parameters 
are urgently needed to facilitate further development of accurate tree 
growth models under global change.

Such comprehensive and ready-to-use sets of parameters can be 
provided by gridded data from assimilations or reanalysis, created by 
merging and scaling of satellite observations and in-situ data, including 
E-OBS (e.g. Muñoz-Sabater et al., 2021). In turn, they provide a reliable 
basis for monitoring large areas at high spatial and temporal resolution 
including available soil water (Muñoz-Sabater et al., 2021). Gridded 
climate data products are increasingly used to quantify the effects of 
climate change on forest growth and to forward modelling over large 
spatial gradients (e.g. Jevšenak et al., 2024; Martínez-Fernández et al., 
2019; Wang et al., 2024). The ERA5-Land dataset, recently refined to a 
grid cell size of 9 km, provides a consistent view on multiple climate 
parameters since 1950 (Muñoz-Sabater et al., 2021). It is a replay of the 
land component of the ERA5 climate reanalysis, which assimilates as 
many observations as possible in the upper air and near surface (C3S, 
2024a). Estimates of ERA5-Land have already been validated and show 
a good agreement with in-situ measurements, particular in the descrip
tion of hydrological parameters (Lal et al., 2022; Schönauer et al., 2025). 
ERA5-Land provides open access data with multiple access options 
through online data queries, API (C3S, 2024) and an R-package 
(Hufkens, 2019).

However, it is not known whether ERA5-Land climate parameters 
can replace meteorological data from weather stations for use in tree 
growth modelling. Here we aim to assess the suitability of the two 
sources of climate data for modelling the annual tree-ring width (TRW) 
of four major tree species across Europe. In this work we 

1. Modelled and predicted tree growth using meteorological data from 
weather stations, and with data available from ERA5-Land (using a 
weather station subset or the full dataset of chronologies for 
comparisons),

2. Identified independent variables that contribute to tree growth 
modelling for both climate datasets at monthly resolution.

2. Material and methods

For this study, we used tree-ring data of two deciduous broadleaved 
(Sessile oak and European beech) and two gymnosperm tree species 
(Norway spruce and Scots pine) with high occurrences in Europe 
(FOREST EUROPE, 2020). The TRW data was merged with meteoro
logical data from weather stations, or with climate data from 
ERA5-Land. Linear models were employed to model annual changes of 
detrended TRW values with the environmental data added. The co
efficients of the models were used to identify the importance of the 
environmental parameters, and the model residuals were analysed to 
determine the influence of the distance to the nearest available weather 
station.

2.1. Dendrochronological data

Tree-ring data from Norway spruce (Picea abies (L.) H. Karst.), Scots 
pine (Pinus sylvestris L.), Sessile oak (Quercus petraea (Matt.) Liebl.), and 
European beech (Fagus sylvatica L.), which are among the most ecolog
ically and economically important tree species across Europe, and 
particularly in Central Europe (Leuschner and Ellenberg, 2017), were 
based on two sources: (I) the International Tree-ring Data Bank 
(‘ITRDB’, Grissino-Mayer and Fritts, 1997; details in Zhao et al., 2019) 
and (II) tree cores generated during forest inventories, covering different 
site conditions and biogeoclimatic regions across Europe (Fig. 1). (I) The 
ITRDB provides data for the selected species from >36,000 trees and ~ 
1000 sites, with most data generally (~81 % of sites) available for 
conifer stands incl. P. sylvestris (2nd) and P. abies (5th). Among broad
leaves, sample sites in the ITRDB are dominated by Quercus spp. (~14 
%) followed by Fagus sylvatica (~5 %). We used the cleaned version of 
the database (Guiterman et al., 2024; Zhao et al., 2019). TRW data for 
selected species of continental Europe was retrieved by downloading all 
available observations on ‘total ring width’ from the ITRDB (NOAA, 
2025). Although the ITRDB has a shortage of metadata, associated 
benefits in terms of coverage and accessibility motivate its use; see 
Supplementary Table 1 for used TRW sources. (II) Since the Alpine 
western region of Austria was underrepresented for P. abies in the 
ITRDB, we also employed tree cores of P. abies, collected during forest 
inventories between 2014 and 2023 in Tyrol, Austria. These inventories 
consisted of median basal area trees selected based on the methodology 
of angle-count samplings (Bitterlich, 1952); a subset of 159 trees from 
14 sites was randomly selected for analyses. The tree cores sampled in 
Tyrol were extracted upslope at breast height (130 cm) from each tree. 
The samples were air-dried, glued onto wooden laths, and sanded (finest 
granularity was 240) to improve ring visibility. High resolution scans 
(1200 ppi) were made using a graphic scanner (EPSON 10000XL, Epson, 
Japan). These images were analysed using the software tools CooRe
corder for actual tree-ring measurements and CDendro for initial 
crossdating (Cybis Elektronik & Data AB, Saltsjöbaden, Sweden; v. 
9.8.1).

Raw values of all tree-ring series were detrended with an age- 
dependent spline (‘AgeDepSpline’) with an initial stiffness of 50, using 
the package ‘dplR’ (Bunn et al., 2024; Bunn, 2010, 2008) in R (R Core 
Team, 2024). The AgeDepSpline detrending method applies an 
age-dependent cubic smoothing spline to each tree-ring series. Starting 
with a stiffness of 50, the spline becomes progressively more rigid with 
each measurement. This allows the flexible spline to capture the larger 
growth of young trees and the rigid spline to model the smaller, steadier 
growth of mature trees. Where negative fits occurred, the method ‘mean’ 
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was used, which fits a horizontal line using the mean of the series. To 
describe the responses of species’ TRW to various environmental pa
rameters, a stand-level analysis is more informative than an analysis of 
individual trees (Speer, 2009). Since all trees were clustered into sites, a 
biweighted robust estimation of the mean, which is unaffected by out
liers and thus reduces error variance, was applied to construct mean 
value chronologies for each site and species (Cook and Kairiukstis, 
1992). These chronologies were calculated when at least 3 
tree-individual TRW series with a minimum length of 50 years could be 
used per site (sites with fewer trees were excluded). The chronologies 

were truncated to the period between 1950 and 2010, as this period 
aligns with the availability of monthly climate data (see below) and 
ensured minimal loss of TRW data. After cropping the chronologies, 
their mean values slightly deviated from zero. Therefore, we standard
ized the chronologies so that their mean values were equal to 1 (Fig. 2, 
Supplementary Table 2). Subsample signal strength (SSS), a measure of 
how well a subset of TRW captures the signal present in the entire 
sample set (Wigley et al., 1984), was calculated according to Cook and 
Kairiukstis (1992). Only chronologies with an SSS ≥0.90 (Supplemen
tary Figure 1) and a length of ≥30 annual values within the period 

Fig. 1. The main map shows colour-coded stands of four tree species included in the tree-ring width dataset (TRWall), details of Austria and Germany (TRWAWS) with 
automatic weather stations (AWS, black dots; top right), and an example overlay of ERA5-Land grid cells (blue lines), locations of AWS and sites (bottom right). The 
ACE2 (Altimeter Corrected Elevations, v.2) digital elevation model is used as the background (Berry et al., 2018). Note: different scales of maps.

Fig. 2. Overview of the selected tree-ring width chronologies in Europe (TRWall), derived from the international tree-ring database (ITRDB) and additional tree cores 
from Austria, used to model the growth of the deciduous broadleaved species Fagus sylvatica (n = 107), Quercus petraea (n = 40), and the gymnosperms Pinus sylvestris 
(n = 319) and Picea abies (n = 257) with climate parameters. The lines describe the mean values of 723 age-detrended average chronologies (created using 26,400 
trees) in the period 1950 to 2010, with spreads illustrated as shading. See methods for details.
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1950–2010 were retained for analysis. Geographical positions for the 
remaining average were added for each chronology (Fig. 1).

The selected 26,400 tree-ring series were processed and transformed 
to 723 biweighted-averaged tree-growth chronologies (i.e. the full 
dataset, TRWall, Fig. 2) from 598 sites (Fig. 1, Supplementary Table 1 
and Supplementary Table 2), of which 107 were for F. sylvatica, 40 for 
Q. petraea, 319 for P. sylvestris and 257 for P. abies. As weather stations 
(see below) were available for 236 chronologies (at 179 sites), of which 
55 were for F. sylvatica, 15 for Q. petraea, 42 for P. sylvestris and 124 for 
P. abies, the subset TRWAWS was created.

2.2. Climatic data

2.2.1. Weather station data
Monthly aggregates, based on daily values, of automatic weather 

station (AWS) data were obtained for Germany (DWD Climate Data 
Center, 2021) and Austria (GeoSphere Austria, 2024). For each tree-ring 
sampling site the nearest AWS was determined. If it was within a radius 
of 50 km and had a temporal coverage greater than 1960–2005, its data 
were assigned to the corresponding chronology and included in the 
TRWAWS. Horizontal and vertical differences between sites and adjacent 
AWS were calculated. Monthly averages of 10 climatic parameters 
available at all stations, such as (max.) precipitation, extreme and 
average air temperature, cloud coverage or wind, were used as inde
pendent variables (see Supplementary Table 3 for full description). By 
using the monthly aggregates of the parameters, each parameter resul
ted in 12 individual independent variables, one per month. To determine 
their importance for TRW modelling (see below), the AWS-derived 
parameters/variables were clustered, e.g. ‘temperature’, which in
cludes all temperature-related parameters/variables (see Supplemen
tary Table 3).

2.2.2. ERA5-Land
The full tree-ring dataset, including 723 chronologies (TRWall), as 

well as the subset of 236 chronologies (TRWAWS), were coupled with the 
ERA5-Land data (C3S, 2019), downloaded using the provided API (CDS, 
2024). This dataset has a spatial resolution of 0.1◦ (~9 km) and an 
hourly temporal resolution, with coverage from 1950 to the present 
(C3S, 2024a). We used monthly aggregates (at 2 pm local time) of all 
available data, except the parameters for “Lakes” and “Invariant” (C3S, 
2019), as independent variables (Supplementary Table 4). The monthly 
averaged reanalysis data by hour of the day consists of two modes: 
Accumulated parameters, which represent the sum of hourly values over 
the month (e.g., total precipitation), and instantaneous parameters, 
which provide the average value of a parameter (e.g., soil temperature) 
at a given time of day (i.e. 2 pm). Using 2 pm estimates rather than daily 
averages (including both day and night) led to slightly improved models 
(data not shown). The parameter ‘wind’ as Euclidean distance was 
calculated using wind along the east-west axis at 10 m height ‘u10’ and 
the north-south axis ‘v10’ (Stull, 2012). ERA5-Land data on leaf area 
indices (LAI) were not considered as they are given as static parameters 
(see documentation in C3S (2019)). To compare ERA5-Land derived 
models with AWS-derived models (see below), the TRWAWS subset was 
merged with an ERA5-Land data reduced to grid cells matching the 
available AWS data – creating a separate dataset with equal chronolo
gies. To determine the importance of the parameters for the TRW models 
(see below), the parameters/variables were clustered according to the 
categories as provided by ERA5-Land (Supplementary Table 4; (C3S, 
2019)).

2.2.3. CO2 and SPEI
The ERA5-Land and AWS datasets were supplemented with monthly 

in-situ CO2 observations from Mauna Loa to integrate the effects of rising 
atmospheric CO2, anticipated to favour tree growth (Silva et al., 2010). 
Data on CO2 was retrieved from Keeling at al. (2005), backfilled to 1950, 
and added as monthly means for each year.

The Standardised Precipitation-Evapotranspiration Index with a 
temporal ‘scale’ of 12 months (SPEI12; i.e. current and previous 11 
months) was calculated with a rectangular kernel using the R-package 
‘SPEI’ (Beguería and Vicente-Serrano, 2023). SPEI is a water balance 
index calculated from the monthly difference between precipitation and 
potential evapotranspiration (PET), with positive values indicating 
wetness and negative values indicating dryness (Vicente-Serrano et al., 
2010). Bhuyan et al. (2017) and Obojes et al. (2024) identified a scale of 
12 months (i.e. SPEI12) to best capture the drought responses of Euro
pean tree species for TRW analyses. Using SPEI of different lengths (e.g., 
SPEI3, SPEI6) in our dataset did not result in better model performance 
(data not shown). The input requirements for the calculation of PET 
were met by the AWS data (Supplementary Table 3), although data gaps 
occurred. PET was calculated using the Penman-Monteith equation 
(Monteith, 1965) and gaps in the time series were filled with values 
calculated according to Hargreaves (1994), which requires less input 
data. Complete time series of precipitation and PET were provided by 
the ERA5-Land dataset.

2.3. Modelling

We used the linear model Ridge regression (in scikit-learn ‘Ridge’) 
with the ‘svd’ (Singular Value Decomposition) solver. Ridge regression 
is effective in dealing with multicollinearity by adding L2 regularisation 
to shrink coefficients (Schreiber-Gregory, 2018), while maintaining a 
direct interpretability of the model outputs (James et al., 2013). We 
encountered highly multicollinear independent variables along different 
axes. For example, soil temperature is highly correlated across different 
layers (soil depth). In addition, because monthly aggregates were used 
for each parameter, individual variables were correlated over time, 
particularly between neighbouring months. By adding penalty to the 
squared magnitude of coefficients (β), Ridge regression also reduces 
overfitting. The regularization strength is controlled by the alpha 
parameter, with higher values increasing the regularization (Pedregosa 
et al., 2011). Alpha for the AWS-based data regressions was set between 
150 and 350 according to previous tests (Supplementary Figure 2).

As the aim was to model the temporal variation of TRW in response 
to two sources of climate data and to compare the performance, vali
dating the modelling outputs on a temporal scale is reliable (Boser, 
2024; Sweet et al., 2023). A 10-fold cross-validation was conducted for 
each chronology, after all independent variables (see above) were 
standardised by removing the mean and scaling to unit variance 
(‘StandardScaler’) (Pedregosa et al., 2011). The model β for each fold, 
chronology and dataset were saved and analysed. After grouping β by 
species, parameter, and month, one-sample t-tests (‘ttest_1samp’) 
(Virtanen et al., 2020) were applied to assess whether they were 
significantly different from zero. Models β were aggregated per species 
and parameter, and sums of absolute values were calculated to quantify 
the relative ‘importance’ of each parameter, denoted as ‘В’. For illus
trative purposes, parameters were grouped into clusters as suggested by 
C3S (2019).

Predictions made for the kth fold of the cross-validation were eval
uated using, linear regressions between actual and predicted values, 
related coefficients of determination and p-values (‘linregress’) 
(Virtanen et al., 2020), and total prediction biases. Mean absolute errors 
(MAE) were calculated and compared by a t-test for paired samples 
(Virtanen et al., 2020). Kendall’s tau (Virtanen et al., 2020) was calcu
lated between residuals and spatial information, i.e. altitudinal and 
horizontal distances between sites and AWS, and spatial density of AWS 
(Dahn, 2021).

Detrending and calculation of SPEI12 were done in R (R Core Team, 
2024) (version 4.4.2), data processing and analysis were performed 
using Python 3.12.1, running with IPython 8.23.0, interfaced with 
Spyder (Raybaut, 2009). Statistical analyses were done using the pack
age Scikit-learn (Pedregosa et al., 2011), and figures were created using 
matplotlib (Hunter, 2007) and seaborn (Waskom, 2021).
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3. Results

The full dataset (TRWall) consists of 723 averaged tree-growth 
chronologies from four tree species and 598 sites (Fig. 1). Automatic 
weather stations (AWS) were available for 236 chronologies, resulting in 
the subset TRWAWS. Climate data from ERA5-Land and AWS were used 
to model inter-annual changes in tree growth using linear Ridge 
regression. Model coefficients (or “weights”) were captured, with B 
giving sums of absolute values, to interpret the importance of climatic 
parameters.

3.1. Modelling TRW with weather station data

The drought index SPEI12 was the most important single parameter 
in the TRWAWS dataset (sum of absolute coefficients В = 0.111), with a 
consistently positive association with TRW (Fig. 3). Higher values of 
TRW coincided with higher values of SPEI12 (indicating wetness), 
particularly in broadleaved species and to a lesser extend in P. abies. The 
parameter sunshine duration (‘ssd’) was second ranked (В = 0.078) and 
decreased the TRW of F. sylvatica if it occurred in spring, whereas all 
species gained TRW from more sunshine late in the growing season 
(September/October). The parameter cloud ‘cover’ reflected an inverse 
pattern to ‘ssd’, with higher cloud cover early in the season having a 
positive effect on TRW for all species. On third rank, atmospheric CO2 
had a consistently positive effect on gymnosperms’ TRW. This suggests 
that CO2 represents a long-term trend in the TRW data (В = 0.061). The 
importance of parameters is relative to the number of similar parameters 
within a given cluster – and В of different parameters addressing one 
driver may in fact accumulate.

The most information by AWS was provided within the cluster air 
‘Temperature’ (Fig. 3, Supplementary Table 5), including five parame
ters, representing average values and extremes. Higher average air 
temperature (‘t2m’ (В = 0.047); and similar averages of ‘t2m_max’ and 
‘t2m_min’) promoted tree growth of the gymnosperms, particularly be
tween February and August for P. sylvestris, and between March and 
October for P. abies (Fig. 3). In both angiosperms, high average air 
temperatures early in the growing season (March) were negatively 
related to TRW. However, within the cluster ‘Temperature’, monthly 
extremes (‘t2m_max_max’ (В = 0.058), ‘t2m_min_min’ (В = 0.050)) 
were the most important parameters (Fig. 3). For example, high 
‘t2m_max_max’ in March and May/June led to a decrease in TRW of 
F. sylvatica. Similar effects were evident for Q. petraea. For the gymno
sperms P. sylvestris and P. abies, less extreme ‘t2m_min_min’ in March 
and subsequent months increased TRW.

Within the cluster ‘Wind, pressure and precipitation’, parameters on 

precipitation (В = 0.052–0.055) dominated over wind (В = 0.026); 
pressure data were not available from AWS (Fig. 3). While monthly 
accumulated precipitation (‘prec’) in April to June were related to 
higher TRW of F. sylvatica, high precipitation maxima (‘prec_max’) in 
March and July had negative effects. Precipitation effects were less 
pronounced for P. sylvestris, but higher precipitation in February and 
March increased the stem growth of P. abies (Fig. 3).

3.2. Modelling TRW with the ERA5-Land dataset

ERA5-Land climate data were applied to the full dataset (TRWall) or 
to a reduced number of chronologies with adjacent AWS (results for the 
TRWAWS data can be found in Supplementary Figure 3 and Supple
mentary Table 7). To describe responses on a broader scale, and for the 
sake of brevity, estimated B for the TRWall dataset are mainly described 
below, focusing on selected parameters.

Parameters in a model interact with each other, so that the impor
tance of one parameter depends on the values and numbers of other 
parameters. According to the larger numbers, the parameters in the 
model based on ERA5-Land data generally had lower weights (Fig. 4) 
compared to those in the AWS-based model (Fig. 3).

The drought index SPEI12 resulted in largely positive associations 
with TRWall, mainly in spring for F. sylvatica and P. abies, and during 
summer for Q. petraea and P. sylvestris. SPEI12 was thus also the most 
important single parameter in the ERA5-Land climate dataset; the 
importance В was 0.085, indicating a relatively stable agreement with 
TRW. CO2 concentration, as second single most important parameter (В 
= 0.050), was positively related to tree growth in conifers. The impor
tance of further key individual parameters was similar across clusters, 
with dew point temperature (‘d2m’, В = 0.034; i.e. humidity), total 
precipitation (‘tp’; В = 0.033), wind (В = 0.031), surface thermal net 
radiation (‘str’ and ‘strd’; В = 0.030) and evaporation at the top of the 
canopy (‘evatc’; В = 0.029) having similar importances.

The largest cluster of parameters was ‘Evaporation and Runoff’, with 
evaporation at the top of the canopy (‘evatc’), sub-surface runoff (‘ssro’) 
and evaporation from bare soil (‘evabs’) as the dominant parameters (В 
= 0.026–0.029; Fig. 4). The importance of these three parameters was 
mainly driven by the deciduous species, with high evaporation having a 
markedly decreasing effect on TRWall except in the late season 
(September; Fig. 4). However, ‘Evaporation and Runoff’ parameters 
were similar and at lower magnitudes for the conifers (Supplementary 
Table 6). As mentioned above, the total importance of В of akin pa
rameters might add up, likely leading to an underestimation of the total 
importance of evaporation demands on tree growth.

Sub-surface runoff (‘ssro’), a parameter for the total amount of water 

Fig. 3. Coefficients (β) of a ridge regression used for modelling tree-ring width of Fagus sylvatica, Quercus petraea, Pinus sylvestris and Picea abies (TRWAWS) against 
climate data retrieved from nearby weather stations of Austria and Germany, CO2 and SPEI12. The clusters of parameters are listed in descending order according to 
their importance, defined as B =

∑
∣β∣ (Supplementary Table 5), while B of each parameter is given on the right. See Supplementary Table 3 for a list of parameters 

including abbreviations. Averaged β for all tree-ring chronologies are shown coloured, significant differences from zero are labelled with ‘+’ or ‘-’. Note: an increase 
in SPEI12 expresses wetter conditions and, thus, a positive correlation reflect an increase in tree growth.
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accumulated in the soil, was most important and dominant in January, 
with its influence diminishing in the following months (Fig. 4). In 
F. sylvatica and Q. petraea, the parameters ‘ssro’ and ’ro’ (both param
eters on soil water availability, Supplementary Table 4) clearly 
decreased in importance as volumetric soil water content (‘swvl1 to 3’) 
gained significance. Within the ‘Soil Water’ cluster, moisture estimates 
for layer 2 (‘swvl2’; i.e. 7–28 cm) showed to be most important (Fig. 4). 
The summer month from June onwards turned out to be the most 
important months for the deciduous species. Similar patterns of β were 
observed for the coniferous species, however, also soil moisture esti
mates in January and February had a considerable impact on TRW. The 
magnitude of В was substantially lower for gymnosperms (Supplemen
tary Table 6), due to their wide spatial distribution across Europe 
(Fig. 1), as the range of B was higher for the subset TRWAWS at Austrian 
and German sites (Supplementary Figure 3, Supplementary Table 7).

Besides soil moisture, soil temperature is the second key set of pa
rameters that provide information about soils. Estimates for layer 2 
(‘stl2’) showed to be the most important ones as compared to other soil 
depths (Fig. 4). More important than soil temperature (B =

0.018–0.020), however, were air and dew point temperatures, showing 
varying effects on TRW depending on the species (Supplementary 
Table 6). In specific, dewpoint temperature (‘d2m’; В = 0.034), a 
measure of air humidity, showed largely positive effects for all species 
during spring and summer. Average air temperature (‘t2m’) was of lesser 
importance (B = 0.023). For all species except P. abies, high ranges of 
air, surface (‘skt’) and topsoil temperatures in June negatively affected 
TRW. Q. petraea showed to be sensible to higher temperatures in March.

An additional driver for TRW of Q. petraea was given by snow albedo 

‘asn’, i.e. the reflectivity of the snow-covered land in March, was an 
additional driver of TRW for Q. petraea. Similar effects of ‘asn’ until early 
spring were found for F. sylvatica. Across species, ’asn’ (B = 0.023) was 
inconsistent with strong negative relationships with TRW in deciduous 
trees in March/April (i.e. late snow) and positive relationships with 
remaining snow during the growing season, possibly at higher altitudes/ 
latitudes, providing a water source for P. abies.

Finally, within the ‘Wind, Pressure and Precipitation’ cluster, total 
precipitation (‘tp’) dominated (B = 0.033), with rainfall early in the 
growing season benefiting tree-ring growth in all species, but to a 
significantly greater extent in F. sylvatica.

3.3. Prediction of detrended TRW and residual analysis

The AWS-based data allowed models to be trained for 236 chronol
ogies, but only 227 chronologies could be used for validation due to gaps 
in the meteorological data. TRW predictions for this dataset were 
correlated with actual values, with an R² of 0.15 (p < 0.001) across 
species. When using ERA5-Land data and corresponding derivatives for 
the same chronologies, correlations between actual and predicted values 
reached similar quality (R² = 0.13). The only marked differences in 
species-specific model quality between AWS and ERA5-Land based 
models were found for Q. petraea, with an R² of 0.07 for AWS and R² of 
0.02 for ERA5-Land (at AWS; Fig. 5). However, Q. petraea was repre
sented by the fewest number of sites (n = 15) compared to the other 
three species (n = 42–119 sites).

Due to the consistent and global coverage by ERA5-Land data, all 
723 chronologies across Europe could be modelled and validated using 

Fig. 4. Coefficients (β) of a ridge regression used to model 723 averaged and detrended tree-ring chronologies of four tree species across Europe (TRWall), against 
monthly climate data retrieved from ERA5-Land, CO2 concentration and SPEI12. The clusters of parameters (see Supplementary Table 4) are listed in descending 
order according to their importance, defined as B =

∑
∣β∣ (Supplementary Table 6), while В of each parameter is given on the right. Clusters as suggested by C3S 

(2019). Averaged β for all tree-ring chronologies are shown coloured, significant differences from zero are labelled with ‘+’ or ‘-’. See Supplementary Figure 3 for the 
coefficients based on TRWAWS data. Note: an increase in SPEI12 expresses wetter conditions and, thus, a positive correlation reflect an increase in tree growth.
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TRWall. Similar to the subset TRWAWS, predicted values corresponded 
well to actual values in TRWall, with an R² of 0.15 (p < 0.001) across 
species. Again, model performance was similar for all species between 
AWS and the full ERA5-Land set of TRW, but improved for Q. petraea in 
TRWall to the level of AWS, possibly due to the increased number of 
chronologies (n = 40). Prediction models for P. abies also benefited 

slightly from using the full European dataset (R² = 0.14). Highly sig
nificant correlations were found for all datasets.

Residuals were calculated for the 236 chronologies covered by both 
the AWS data and the ERA5-Land dataset (i.e. TRWAWS). The mean 
absolute error (MAE) for the AWS-based analysis was 0.18 (±0.09 
standard deviation). Comparison of the MAE with altitude differences 

Fig. 5. Predictions of the detrended tree-ring width (TRW) of four European tree species made during a 10-fold cross validation. Models are based on a subset of sites 
related to automatic weather stations (AWS; left column) and a matched subset of ERA5-Land data (middle; TRWAWS), or the climate data from the ERA5-Land 
dataset for all available chronologies (right; TRWall). The total bias of predictions, coefficients of determination (R²), and the number of chronologies within the 
test set (number of total chron. in brackets) are given. Asterisks indicate levels of significance, *** p < 0.001, ** p < 0.01, * p < 0.05.
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between the spatial origin of the chronologies and adjacent AWS 
revealed no significant correlation (Fig. 6B). The horizontal distance to 
the nearest AWS showed a negative influence on the MAE, meaning that 
proximate weather stations resulted in higher biases, probably caused by 
a few conspicuously high MAE values (≥0.45; Fig. 6B). The MAE of the 
predictions using the corresponding ERA5-Land dataset resulted in 
similar residuals (0.18±0.09) compared to AWS (p = 0.07, Fig. 6A). 
Although the spatial density of AWS varied substantially over the subset 
of experimental area (Fig. 6C), high densities of AWS did not reduce the 
mean absolute error (MAE) in our study (Fig. 6D). In fact, a weak in
crease in MAE was observed with higher densities of AWS (p = 0.03 and 
p = 0.01, for AWS and ERA5-Land based models).

4. Discussion

Modelling the relationship between annual tree-ring width (TRW) 
and climate parameters is essential for our understanding of ecological 
responses in a plant-atmosphere continuum and plant functioning 
(Anderegg et al., 2015; Babst et al., 2019). Until now, it has been unclear 
whether (1.) ERA5-Land parameters, with their high spatial resolution 

and long temporal coverage, can replace meteorological data from 
weather stations for modelling TRW in Europe, and (2.) if the extended 
climate parameter set of ERA5-Land has the potential to improve our 
mechanistic understanding of species-specific growth responses.

4.1. Modelling tree-ring width using meteorological or ERA5-Land climate 
data

The modelling of tree-ring chronologies across Europe (TRWall) with 
ERA5-Land parameters produced predictions with reliable associations 
to actual values, with an R² of 0.15. Comparisons of model performance 
with previous research are challenging due to the diverse approaches in 
modelling, used dependent and independent variables, output valida
tion, and reporting of prediction quality. For instance, Martí
nez-Fernández et al. (2019) examined the applicability of remote 
sensing products for modelling TRW data from 1978 to 2016 of 22 pine 
stands in Spain, identifying clear temporal interrelations with 
satellite-based estimates for soil moisture. However, their study did not 
validate predictions on an independent test dataset. Jevšenak et al. 
(2024) developed species-specific spatio-temporal models to predict raw 

Fig. 6. Mean average error (MAE) of the predictions for models based on the AWS and ERA5-Land datasets, respectively (A), with its dependence of errors on 
differences in altitude (m) and horizontal distance (km) between the weather station (AWS) and TRWAWS site / tree stand (B). Subplot (C) illustrates the density of 
AWS (heatmap) and the positions of tree ring chronologies (dots). MAE for predictions of TRWERA slightly increased with density of stations (C), but similar to the 
distribution of MAE within the TRWAWS data.
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TRW values (since 2018) using vegetation indices, topography, and 
climate data across Europe. Using blocked k-fold cross validation, their 
models achieved an overall R² of 0.13, peaking at 0.52 for Q. petraea. 
Predicting raw values, also done using forward-modelling by Brei
tenmoser et al. (2014), tend to have higher variability in inferred cor
relations (Ols et al., 2023), making comparisons with our study difficult. 
Similarly, raw tree-ring width values from 62 Sierra Nevada sites 
showed that legacy effects, as reflected in MODIS GPP estimates, 
effectively described tree growth of dominant evergreen species (Wong 
et al., 2021). Although global or large-scale datasets have already been 
used to model long time series of TRW (e.g. Manvailer and Hamann, 
2024; Wang et al., 2024), previous work tended to focus on selected 
parameters, whereas a broad spectrum of information is available from 
ERA5-Land.

In total, the modelling outputs were similar between the two sources 
of climate data. Mean absolute error was ±0.18 using ERA5-Land data 
and ±0.18 with AWS-based data, confirming the suitability of ERA5- 
Land data for TRW modelling compared to meteorological AWS data. 
The similarity in predictive quality can be explained by the relatedness 
of ERA5-Land and AWS data. In fact, the ERA5-Land assimilation is a 
downscaled version of the ERA5 climate reanalysis (Muñoz-Sabater 
et al., 2021), which is based on satellite data and in-situ observations 
partly derived from weather stations (C3S, 2024a). A good global 
agreement with in-situ measurements has been confirmed for ERA5-Land 
parameters, e.g. precipitation (Manvailer and Hamann, 2024). Due to 
the rather coarse grid cell sizes of ERA5 (~31 × 31 km) and ERA5-Land 
(~9 × 9 km), detailed site-specific information, such as topography and 
related climatic aspects are ignored. This may reduce the impact of high 
densities of in-situ data within individual ERA5 grid cells. Consistent 
with this, we did not observe a positive effect of high AWS granularity on 
prediction errors (Fig. 6D). When using the AWS data from nearest 
stations (radius ≤ 50 km) high quality information on e.g. precipitation 
and temperature is considered. Also, the altitude of the site was inte
grated for calculating SPEI time series of the respective chronologies 
when using the AWS dataset for modelling. Distinct elevational re
sponses determine tree growth in combination with temperature re
gimes (Paulsen et al., 2000) – which might have contributed to the 
performance of AWS-based analysis. In our study, the distance between 
the site and AWS, as well as altitudinal differences, did, however, not 
increase MAE, as predictions with high errors appeared to be randomly 
distributed across the geographic differences (Fig. 6).

Whereas adjacent AWS are thus a reliable source for high quality 
meteorological data, they usually lack extensive spatiotemporal 
coverage (Fig. 6C, Capra et al., 2013; Castellanos-Acuna and Hamann, 
2020) and are prone to data gaps and exhibit varying coverage of pa
rameters (WMO, 2023). The overlap of commonly measured (i.e. core) 
parameters between countries can be small. As a result, only 10 mete
orological parameters from weather stations and 227 out of the AWS 
subset consisting of 236 chronologies could be used for modelling. 
Moreover, data from AWS are often only accessible through national 
agencies with limited availability (Pelosi et al., 2021). When modelling 
tree growth in regions not covered by synchronized repositories (e.g. 
Horel and Dong, 2010; Klein Tank et al., 2002), the compilation and 
integration of meteorological data at large scales becomes almost 
infeasible, or at best very labour intensive. In contrast, the ERA5-Land 
dataset is comprehensive, openly available (C3S, 2019; CDS, 2024; 
Hufkens, 2019), and designed to be applicable, interoperable, and 
ready-to-use. Still, these data is never free from uncertainties due to 
grid-to-point transfer, scale mismatches and representativeness issues 
(Amjad et al., 2020).

4.2. Climate parameters critical to (future) tree growth modelling

Our data indicates that the drought index SPEI12 has had a strong 
effect on age-detrended and site-averaged ring width of tree species 
across Europe. The index thereby showed once more its predictive 

power for tree growth (Thom et al., 2023). The consistent monthly 
pattern observed across species evidence that the SPEI is of similar high 
quality when calculated based on either AWS or ERA5-Land data. The 
general good coupling is probably because the SPEI uses the difference 
between precipitation and potential evapotranspiration and thereby 
incorporates the effects of global warming more directly – increasing its 
applicability beyond indices based on precipitation alone (e.g. SPI) 
(Nwayor and Robeson, 2024). The 12-month scale integrates 
longer-term drought legacies and ecosystem water balances and has 
previously been shown to be particularly suited for TRW modelling 
(Bhuyan et al., 2017; Obojes et al., 2024). The legacy effects of previous 
growth conditions can be partly attributed to the lifespan of functional 
organs and the storage of carbon reserves, with tree species with longer 
organ and reserve lifespans tending to be characterized by stronger 
legacy effects (Zweifel and Sterck, 2018). While it has been reported that 
European conifers are more susceptible to extreme droughts than 
broadleaves (Thom et al., 2023), our data indicates that the gymno
sperms also profit less from preceding wetter conditions than broad
leaves – for which the SPEI12 pattern indicate a stronger positive 
correlation of longer-term water supply to tree-ring growth. We can only 
speculate that the diverging response may be related to differences in 
hydraulic systems and other traits between broadleaves and gymno
sperms. However, it is important to note that the SPEI12 calculated here 
integrates different legacy signatures within an annual scale, e.g. dry 
summers followed by ‘average’ springs, wet winters followed by 
‘average’ summers, and also averages responses across bioclimatic re
gions. Wu et al. (2022) have previously shown that the importance and 
magnitude of legacy effects relative to current water deficit varies 
considerably depending on the temporal occurrence of seasonal climate 
extremes, urging to identify specific climate scenarios (within biocli
matic regions) for a more detailed analyses of TRW effects in the future.

Apart from parameters related to ERA5-Land or AWS, carbon dioxide 
concentration has had a strong and consistently positive effect on TRW 
of both studied gymnosperms across Europe; these CO2 effects were 
consistent in magnitude and importance (i.e. 2nd or 3rd single most 
important parameter) in both ERA5-Land and AWS-based models. 
Whereas experimental studies on younger stands already showed two 
decades ago that elevated CO2 can increase net primary productivity 
(Norby et al., 2005), uncertainties remained as to whether these effects 
scale to mature forests due to disturbance, N deposition/limitation 
and/or climate change induced drought (e.g. Gedalof and Berg, 2010). 
However, Davis et al. (2022) recently showed that CO2 fertilisation ef
fects are widespread in North American forests, with the strongest ef
fects in forests dominated by Pinus spp. and Picea spp. in agreement with 
our results. The contrast between angiosperms and gymnosperms is 
likely to be due to fundamental physiological differences, as modulated 
by O2:CO2 ratios, vapour pressure deficit, and/or temperature (Hare and 
Lavergne, 2021).

In addition to the calculated SPEI and atmospheric CO2, the ‘stan
dard’ meteorological parameters available in both datasets, such as air 
temperature (‘t2m’), monthly precipitation (‘tp’ in ERA5-Land and 
‘prec’ in AWS, respectively), or those related to radiation (e.g. ‘str’/‘strd’ 
or ‘ssd’, respectively), are, as expected, of key importance in both 
models (e.g. Leuchner et al., 2012; Way and Oren, 2010). However, the 
importance of these parameters for tree growth varies not only between 
species, as shown, but also between biogeoclimatic regions, with an 
expected interaction of geographical variables (latitude or altitude) with 
precipitation and/or temperature (Babst et al., 2013). Similarly, the 
intensity and length of the photoperiod determines the seasonality of 
tree processes including xylogenesis and thus the amount of growth 
(Way and Montgomery, 2015) yet it is closely correlated with latitude. 
While our data thus confirms the general suitability of ERA5-Land data 
to substitute corresponding AWS parameters, an in-depth ecological 
interpretation requires an improved spatial representation beyond the 
scope of this study.

In addition to the convenient and consistent availability of these core 
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parameters, we argue that a major advantage of ERA5-Land is the im
mediate availability of less frequently used parameters. Air humidity 
(represented by ‘d2m’) was found to be an important parameter in the 
ERA5-Land model across all four species and seasons, confirming recent 
results of experimental studies for selected species (Güney et al., 2020; 
Oogathoo et al., 2024) while being only available for selected AWS. 
Furthermore, dendroclimatology has mainly focused on the response of 
TRW to atmospheric variables, whereas roots sense the ’subsurface 
climate’, which has been reported to be equally important for tree 
growth (Belokopytova et al., 2021; Kostić et al., 2021). Direct mea
surements of soil-related parameters are not standard among AWS and 
rarely represent forest soils. The ERA5-Land dataset has been shown to 
be in alignment with in-situ measurements for soil temperature 
(Gomis-Cebolla et al., 2023; Zhang et al., 2024) and soil moisture (Lal 
et al., 2022; Xing et al., 2023; Schönauer et al., 2025). In our data set, 
soil moisture and temperature estimates at a depth of 7–28 cm, i.e. the 
main rooting zone, had the most considerable impact on TRW. Our re
sults also indicated that low spring temperatures and the associated 
snow cover negatively affected the growth of both Fagus sylvatica and 
Quercus petraea. At the onset of the growing season, cambial activity is 
initiated shortly after snowmelt, driven by the relevance of snow cover 
for soil moisture and temperature (Sanmiguel-Vallelado et al., 2021), 
suggesting that snow cover, particularly before and during the early 
growing season, may be an important future parameter in dendrochro
nology (Sanmiguel-Vallelado et al., 2021; Vaganov et al., 1999). As a 
final ‘belowground’ example, an increased winter water storage, rep
resented by the ‘runoff’ parameters, showed a clear effect on the TRW of 
all species, especially the two angiosperms. Although rising tempera
tures and changing precipitation regimes may prolong winter droughts, 
winter water storage has not been integrated into common tree growth 
models (Ashraf et al., 2015; Gupta and Sharma, 2019; Härkönen et al., 
2019), but may become increasingly important in the future as data 
availability improves (Roderick et al., 2015).

Recent and ongoing advances in Earth observation satellites continue 
to increase the availability of diverse spatio-temporal data on land and 
atmospheric conditions (Bauer-Marschallinger et al., 2019; Das et al., 
2020; Quast et al., 2023), thereby expanding their potential to refine 
traditional growth models. As the length of periods with suitable con
ditions determines annual growth (Etzold et al., 2022), the high tem
poral resolution available for ERA5-Land bears further advantages. The 
plethora of parameters covered by global data products could thus 
replace conventional input data and their derivatives, further improving 
the predictive power of tree growth models used for an era of climate 
change (Babst et al., 2019).

4.3. Conclusion and outlook

Understanding vegetation-climate interactions through dendro
chronological studies is critical for predicting future ecosystem re
sponses to global change. This study demonstrates that the ERA5-Land 
dataset can be used to successfully model the tree-ring width (TRW) of 
four common tree species across Europe. The model performance ach
ieved, comparable to the use of meteorological data from nearby 
weather stations, highlights the potential of ERA5-Land as a valuable 
resource for dendrochronological studies worldwide. In addition, unlike 
data from weather stations, ERA5-Land is openly accessible, easy to use, 
provides global coverage since 1950 and includes a variety of stan
dardized environmental parameters above and below ground. These 
facilitate in-depth analysis of environment-vegetation interactions and 
will help to improve our understanding of growth responses to less 
commonly studied environmental changes, such as humidity, soil 
moisture and snow cover. Looking ahead, we encourage the wider use of 
ERA5-Land data to improve tree growth models, particularly for 
assessing long-term climate-growth relationships and reducing predic
tive uncertainties. We call for further refinement of ERA5-Land data by 
accounting for altitude within smaller grid cells and yearly vegetation 

parameters. Future studies should explore the potential of integrating 
additional reanalysis products, remote sensing data, and physiological 
modelling approaches to further enhance prediction accuracy. By 
advancing our understanding of tree-climate interactions, we can 
develop more robust frameworks for forest conservation, carbon 
sequestration, and climate adaptation, ultimately supporting natural 
forest dynamics and sustainable ecosystem management in a rapidly 
changing world.
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