
1 

TITLE 1 

Generalised slow growth of fast growing tree species 2 

3 

4 

AUTHORS  5 

Augusto L.1, Borelle R.1, Boča A.2, Bon L.1, Orazio C.3, Arias-González A.4, Bakker M.R.1, Gartzia-6 

Bengoetxea N.4, Auge H.5,6, Bernier F.7, Cantero A.8, Cavender-Bares J.9, Correia A.H.10, 7 

De Schrijver A.11, Diez-Casero J.J.12, Eisenhauer N.6,13, Fotelli M.N.14, Gâteblé G.15, Godbold D.L.16,17, 8 

Gomes-Caetano-Ferreira M.18, Gundale M.J.19, Jactel H.20, Koricheva J.21, Larsson M.19, 9 

Laudicina V.A.22, Legout A.23, Martín-García J.24,25, Mason W.L.26, Meredieu C.20, Mereu S.27, 10 

Montgomery R.A.9, Musch B.28, Muys B.29,30, Paillassa E.31, Paquette A.32, Parker J.D.33, Parker W.C.34, 11 

Ponette Q.35, Reynolds C.36, Rozados-Lorenzo M.J.37, Ruiz-Peinado R.38, Santesteban-Insausti X.39, 12 

Scherer-Lorenzen M.40, Silva-Pando F.J.37, Smolander A.41, Spyroglou G.14, Teixeira-Barcelos E.B.42, 13 

Vanguelova E.I.36, Verheyen K.43, Vesterdal L.44, Charru M.1  14 

15 

1. INRAE, Bordeaux Sciences Agro, UMR 1391 ISPA, 33882 Villenave d’Ornon, France.16 

2. Latvia University of Life Sciences and Technologies, Lielā iela 2, Jelgava, LV-3001, Latvia.17 

3. Institut Européen de la Forêt Cultivée (IEFC).18 

4. NEIKER, Basque Institute for Agricultural Research and Development, Department of Forest Sciences, 48160 Bizkaia,19 

Spain. 20 

5. Helmholtz Centre for Environmental Research GmbH - UFZ, Theodor-Lieser-Straße 4, 06120 Halle, Germany.21 

6. German Centre for Integrative Biodiversity Research (iDiv) Halle-Jena-Leipzig, 04103 Leipzig, Germany.22 

7. INRAE, UEFP, 33612 Cestas, France.23 

8. HAZI, Granja Modelo, 01192 Arkaute, Spain.24 

9. Department of Ecology, Evolution and Behavior, University of Minnesota, Saint Paul, MN 55108, USA.25 

10. Forest Research Centre, School of Agriculture, University of Lisbon, Portugal.26 

11. Research Center AgroFoodNature, HOGENT University of Applied Sciences and Arts Ghent, Ghent, Belgium.27 

12. Sustainable Forest Management Research Institute (iuFOR), University of Valladolid, Palencia, Spain.28 

13. Institute of Biology, Leipzig University, Deutscher Platz 5e, 04103 Leipzig, Germany.29 

14. Forest Research Institute, Hellenic Agricultural Organization Dimitra, 57006 Thessaloniki, Greece.30 

15. INRAE, UEVT, 06160, Antibes Juan-les-Pins, France.31 

16. Department of Forest Protection and Wildlife Management, Mendel University in Brno, 613 00 Brno, Czech Republic32 

17. Institute of Forest Ecology, University of Natural Resources and Life Sciences, Vienna, A-1190 Vienna, Austria33 

18. SRAAC, Azores Regional Ministry for Environment and Climate Change, Angra do Heroísmo, Azores, Portugal.34 

19. Swedish University of Agricultural Sciences, Skogmarksgran 17, Umeå 90183, Sweden.35 

20. INRAE, University of Bordeaux, BIOGECO, 33612 Cestas, France.36 

21. Department of Biological Sciences, Royal Holloway University of London, Egham, Surrey, TW20 0EX, UK.37 

22. Department of Agricultural, Food and Forest Sciences, University of Palermo, 90128 Palermo, Italy.38 

23. INRAE, BEF, 54000 Nancy, France.39 

24. Department of Plant Production and Forest Resources, JCyL, University of Valladolid, Palencia, Spain.40 

25. Sustainable Forest Management Research Institute, iuFOR, University of Valladolid, Palencia, Spain.41 

26. Forest Research, Northern Research Station, Roslin, Scotland, EH25 9SY, UK.42 

Augusto, L., Borelle, R., Boča, A. et al. Widespread slow growth of acquisitive tree species. Nature 640, 395–
401 (2025). https://doi.org/10.1038/s41586-025-08692-x



2 
 

27. CNR-IBE, Consiglio Nazionale delle Ricerche, Istituto per la BioEconomia, Trav. Sassari, 07100, Italy. 43 

28. ONF, UMR 0588 BioForA, Orléans, France. 44 

29. Department of Earth & Environmental Sciences, KU Leuven, Belgium. 45 

30. Leuven Plant Institute, KU Leuven, Belgium. 46 

31. Institut pour le Développement Forestier (IDF), 75008 Paris, France. 47 

32. Centre for Forest research, Université du Québec, Montréal, Canada. 48 

33. Smithsonian Environmental Research Center, MD, USA. 49 

34. Ontario Ministry of Natural Resources and Forestry, Sault Ste. Marie, ON, Canada. 50 

35. Earth and Life Institute, UCLouvain–Université catholique de Louvain, 1348 Louvain‑la‑Neuve, Belgium. 51 

36. Forest Research, Alice Holt Lodge, Farnham, GU10 4LH, UK. 52 

37. AGACAL-Centro de Investigación Forestal de Lourizá. PO box 127. 36080-Pontevedra, Spain. 53 

38. Institute of Forest Science (ICIFOR-INIA), CSIC, Ctra. A Coruña km 7.5, 28040, Madrid, Spain. 54 

39. GAN-NIK, Forest Management Area, 31015 Pamplona, Spain. 55 

40. University of Freiburg, Faculty of Biology, Geobotany, Schänzlestr. 1, 79104 Freiburg, Germany. 56 

41. Natural Resources Institute Finland (Luke), Latokartanonkaari 9, FI-00790 Helsinki, Finland. 57 

42. DROTRH, 9500-160, Ponta Delgada, Portugal. 58 

43. Forest & Nature Lab, Department of Environment, Ghent University, B-9090 Melle-Gontrode, Belgium. 59 

44. Dept. of Geosciences and Natural Resource Management, University of Copenhagen, DK-1958 Frederiksberg C, Denmark. 60 

 61 

 62 

ABSTRACT  63 

Trees are an important carbon sink as they accumulate biomass via photosynthesis1. Identifying tree 64 

species that grow fast is commonly considered essential to effective climate change mitigation through 65 

forest planting. Although the functional traits that influence tree growth are well-understood2, field 66 

studies often fail to detect clear growth-trait relationships at the global scale3. By consolidating three 67 

independent datasets and classifying the fast- and slow-growing species based on their functional traits 68 

values, we show that tree species which are supposedly fast-growing, due to their trait values, generally 69 

grow slowly in field conditions. This discrepancy between the theory and field observations is explained 70 

by the interactions with environmental conditions that influence growth. Fast-growing species appear to 71 

require both moist and mild climates and fertile soils, conditions that were generally not met in the field. 72 

Conversely, slow-growing species showed generally higher realised growth, due to their ability to 73 

tolerate unfavourable environmental conditions. In general, stress-tolerant and supposedly slow-74 

growing tree species commonly grow more steadily than supposedly fast-growing tree species. We 75 

recommend encouraging fast-growing tree species only in areas that can really support their high 76 

potential growth. In most regions, characterised by stressful conditions, the supposedly slow-growing 77 

species appear to have a higher potential to fix carbon in their biomass. 78 

 79 

 80 

 81 

 82 
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MAIN TEXT 83 

Our capability to mitigate current rates of climate change depends on the reduction of greenhouse gas 84 

emissions and greater carbon (C) sinks4. Along with oceans, forests constitute one of the two main 85 

carbon sinks on Earth4, but the potential for enhancing forest carbon sinks differs among biomes5. 86 

Tropical forests are under high anthropogenic pressure with a continuous decline in surface area6,7. 87 

Therefore, maintaining their role in climate change mitigation firstly requires protection and 88 

restoration1,8. Conversely, despite being threatened by global changes9–11, forested area in temperate and 89 

boreal forests is expanding and remains important for climate change mitigation through biophysical 90 

effects (evapotranspiration and albedo), and carbon storing in soils, standing biomass and wood 91 

products1,5,6,12–16. In such a context, sequestering carbon in tree biomass and hence promoting tree 92 

species that grow fast may strengthen one of the pathways to increased mitigation. This is all the more 93 

an option as the functional traits that enable fast growth have already been identified in experiments 94 

under controlled conditions2,17–24, making possible to identify fast-growing plant species25 characterised 95 

by high values for several traits (such as maximum photosynthetic capacity [Amax], specific leaf area 96 

[SLA] and leaf content of nitrogen [N]). Nevertheless, although strong growth-trait relationships were 97 

observed for seedlings under controlled conditions, studies on adult trees in natural conditions display 98 

high variability. Even if local- to regional-scale studies identified some growth-trait relationships21,26–30, 99 

some others found only weak relationships at best31–35, and studies that compared tree growth in 100 

contrasting regions failed to find consistent patterns (excepted for wood density). This lack of clear 101 

pattern led some scientists to question whether trait-based studies are a good approach for predicting 102 

plant growth3,36,37. The aim of the present study was to question whether theoretically fast-growing tree 103 

species do really grow fast in the field. The premises of our study are that (i) the observed growth-trait 104 

relationships are relevant only in environmental conditions favourable to biological activity (i.e. moist 105 

and mild climates, fertile soils)21,38, but (ii) these conditions are more and more uncommon due to wide-106 

spreading nutritive and climatic stresses39–42. Based on this, and because fast-growing species are also 107 

resource-demanding species and stress-sensitive species17,19,25,43,44, we hypothesised that fast-growing 108 

species are often constrained by environmental limitations and consequently do not perform on average 109 

better than slow-growing species. To test this hypothesis, and hence investigate the interactive effects 110 

of functional traits, climate, and soil on tree growth, we compiled data describing tree growth, functional 111 

traits and environmental conditions for 1,041 monospecific stands, distributed in 139 common gardens 112 

(hereafter referred to as “sites”), and representing 153 distinct tree species. The consolidated database 113 

was composed of three independent datasets that enabled us to test the reliability of results in different 114 

contexts and at different tree ages (see Methods): (i) the European Atlantic Network (hereafter referred 115 

to as EAN), (ii) the TreeDivNet network (TDN), and (iii) a global dataset of stand biomass (SBD). To 116 

avoid confusion, we put forth that the concept of fast- and slow-growing tree species refer here to their 117 

potential growth rate as predicted by their functional trait values, but not to their effective growth rate 118 

realised in field conditions. In other words, a tree species that is expected to grow fast based on its high 119 
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trait values (hereafter referred to as fast-growing(TD) species; TD for “trait-defined”) may actually have 120 

a slow effective growth in field conditions. 121 

Considered individually, many functional traits showed a significant correlation with tree growth 122 

rate (Figure S1 and S2). Since these relationships were consistently observed among independent 123 

datasets, it suggests they are representative of a majority of forest areas. The negative relationship 124 

between growth rate and wood density (Figure S1C) was in line with current knowledge26,35,37,45–48. 125 

Conversely, we found that tree growth was negatively associated with several important traits typically 126 

linked to fast growth (e.g. leaf N content, SLA, and specific root length [SRL]; Figure S1ABE), 127 

contradicting the growth-trait theory and empirical observations in controlled environments. This is 128 

particularly noticeable for the maximum photosynthetic capacity of tree species (Amax: Figures 1 and 129 

S3), which is a key trait in plant growth as it integrates the effects of other traits44,49.  130 

Following our first premise, and because there was large variability in growth-trait 131 

relationships (Figures 1 and S3), we investigated further the extent to which local conditions influence 132 

growth-trait relationships. For this purpose, we classed the 139 sites based on soil properties, or on 133 

climatic conditions. These two classifications showed that the negative growth-trait relationships were 134 

strong under conditions unfavourable to biologic activity (i.e. soil high C:N or dry/cold climate) but did 135 

not exist under favourable conditions (Figure 2). A more in-depth investigation of these interactions was 136 

carried out using sites including at least 10 tree species and data about tree height growth (i.e. the 137 

complete EAN series). The analysis of the EAN data showed that drivers of forest growth such as 138 

atmospheric N deposition50–52, climate40,53–60, and soil properties61–63 were all highly 139 

influential (Table S1). In this subset of sites, three functional traits had consistent relationships with tree 140 

growth across sites, and consequently along environmental gradients (Table S2; negative effect: wood 141 

density; positive effect: leaf carbon and root phosphorus [P]). By contrast, some traits had inconsistent 142 

(SLA, leaf P, and root N), or even contradictory relationships (tree max height, leaf photosynthetic 143 

capacity [Amax], leaf N, and SRL), with tree growth (Table S2). For these traits, both the strength and 144 

the direction of the growth-trait relationships depended on the local environment. To quantify local 145 

environment, we used site productivity as a proxy because it integrates all environmental constraints on 146 

plants. This confirmed that traits with a consistent effect across different environments, such as wood 147 

density or root P, maintained the same growth-trait relationship along the site productivity gradient. 148 

Nevertheless, as the site productivity increased, the strength of correlation between growth rate and trait 149 

value weakened (e.g. wood density in Figure 3A). This dependency on site conditions was also clear for 150 

several other key functional traits, such as Amax, SLA and SRL, which previously showed inconsistent 151 

effects over sites (Table S2). For these traits, the correlation with growth rate progressively switched 152 

from negative to positive with increasing site productivity (Figure 3BCD; Figure S4). We observed this 153 

pattern for most traits in the EAN sites (Figure S5) and it was confirmed in three common gardens of 154 

the TDN network (Figures 3 and S4). Using a categorical approach, we further investigated to what 155 

extent these interactions also existed in our other datasets (i.e. remaining TDN data and SBD, for which 156 
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there was no direct estimation of site productivity): sites were grouped as “favourable” or 157 

“unfavourable” based on their soil and climate (i.e. soil C:N ratio and fclimate index, as in Figure 2). We 158 

found that these interactions were common and that the growth-trait relationships were generally 159 

stronger under unfavourable conditions (i.e. high soil C:N ratio or low fclimate value) than under 160 

favourable conditions (Figure S6).  161 

All in all, our results supported our initial expectation that positive relationships between key functional 162 

traits (Amax, leaf N, SLA and SRL) and tree growth occur only in field conditions with favourable 163 

environments but are uncommon in stressful environments. The discrepancy between an abundant 164 

literature based on experiments under controlled conditions, and observations in the field, can be 165 

explained by ontogenetic effects, functional ecology, and changes in resource allocation. Indeed, for 166 

obvious technical constraints, experiments under controlled conditions (often greenhouse experiments) 167 

used seedlings as model plants whereas in situ studies often focused on saplings or adult trees. Seedlings, 168 

saplings and adult trees respond differently to environmental constraints21,37,64–66, which may explain 169 

why our results did not align with expectations derived from theory and greenhouse experiments. In 170 

addition, greenhouse seedlings were generally grown under conditions with optimal temperature, light 171 

intensity, water, and nutrient supplies. In such non-limiting conditions and resources, plant species that 172 

are able to acquire resources fast (due to high SLA and SRL) are favoured and can in turn produce new 173 

biomass quickly (Amax, leaf N), defining the concept of fast-growing species. Conversely, under 174 

unfavourable conditions, plant growth is not limited by C assimilation (as under optimal conditions) but 175 

is constrained by the capacity to acquire, to efficiently use nutrients and water from soils49, and to endure 176 

stresses, conditions under which tree species with high trait values (SLA and leaf N) tend to be less 177 

efficient43,44,67–69. Furthermore, allocation of resources to processes and organs that promote stress 178 

tolerance (e.g. for defence) and reproduction rather than growth changes the relationship between 179 

functional traits and growth70. Consequently, the so-called slow-growing(TD) species are stress-tolerant 180 

species43,71,72 that are able to maintain substantial effective growth under conditions of ambient 181 

environmental stress despite trait values (such as low SLA44,73) that reduce maximum growth rate. In 182 

the field along gradients of environmental conditions from favourable to stressful, functional traits 183 

involved in plant growth shift progressively from beneficial to deleterious. This observed change 184 

explains the inconsistency in the literature3,35,37. 185 

Our initial aim was to investigate the extent to which the trait-defined fast-growing species really do 186 

grow fast outside of controlled experiments involving seedlings under non-limiting conditions. Our 187 

results indicate that fast-growing(TD) tree species can indeed grow fast in field conditions, but this only 188 

occurs when environmental conditions support high biological activity74–76. Based on empirical 189 

observations, the current paradigm is that fast-growing(TD) species generally outpace slow-growing(TD) 190 

species, except in particularly resource-deficient in sites (Figure 4A). As a matter of fact, based on 139 191 

sites, our data suggest that the optimal conditions needed by fast-growing(TD) species are the exception 192 

rather than the rule (Figures 4BCD). Indeed, if fast-growing(TD) species do perform well in particularly 193 
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favourable environments, they are more sensitive to environmental harshness77–80, whereas stress-194 

tolerant tree species perform better in most environments, thus supporting our initial hypothesis that 195 

environmental conditions are generally disadvantageous to fast-growing(TD) species. In practice, fast-196 

growing(TD) species grew on average more slowly in field conditions than other tree species (Figures 5). 197 

This difference was large in terms of height growth rate for young adult trees (Figure S7AB), and it 198 

remained significant in terms of biomass accumulation in mature stands (Figure S7C) despite higher 199 

wood density values of fast-growing(TD) species (Table S3). Such a persistent difference over time may 200 

be partly explained by similar survival rate at young stages (P = 0.775, 2 = 0.1, n = 571 EAN stands), 201 

and longer lifespan values of slow-growing(TD) species (Table S3). As biomass of slow-growing(TD) tree 202 

species is more concentrated in carbon (Table S3), it indicates that these stress-tolerant tree species 203 

sequester on average even more biomass carbon than fast-growing(TD) tree species. Furthermore, because 204 

tree species having trait values typical of slow-growing(TD) species store more soil organic carbon81, it 205 

suggests that this kind of tree species are highly efficient at sequestering carbon under unfavourable 206 

conditions at the ecosystem scale. 207 

Forests provide many ecosystem services82–85 such as microclimatic regulation, biodiversity 208 

preservation, air and water purification, soil protection and water regulation, improved social and mental 209 

well-being, and not only wood production and carbon sequestration. While our findings carry 210 

implications for carbon sequestration, it remains that the other ecosystem services require specific 211 

management practices and that sustainable forest management encompasses more than just selecting the 212 

fastest growing tree species. We consequently put forth that our results do not put into question general 213 

guidelines for sustainable forest management that are, among others, limiting physical disturbances, 214 

lengthening harvest rotations, maintaining a continuous vegetation cover, and favouring a high level of 215 

biodiversity. The latter recommendation is of particular importance since biodiversity is at the same 216 

time an issue for conservation and an efficient lever for increasing carbon sequestration81,86 and forest 217 

resistance to disturbances and stresses87,88. On the other hand, taking into account the complexity of 218 

forest management does not mean that favouring certain tree species is not important. Indeed, the change 219 

of view regarding the so-called fast-growing(TD) species has implications for climate change mitigation 220 

through tree growth15. In order to enhance carbon sequestration in biomass, tree species should not be 221 

favoured on the basis of their absolute potential, but by matching them with local conditions, each tree 222 

species having its own ecological niche and specific requirements60. In a context of promotion for 223 

programs of massive tree planting, we stress that the choice of tree species should rely not on a priori 224 

expectations but on local forester knowledge and on local tree species. Furthermore, if low-risk 225 

strategies for mitigating climate change are a priority, then stress-tolerant tree species appear to be a 226 

better strategy for fixing carbon than trait-defined fast-growing species. 227 

 228 

 229 

 230 
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METHODS 231 

Experimental networks and tree species.  232 

Our study was based on three complementary sets of forest sites (EAN, TDN, SBD), their common 233 

features being: (i) spread across large-scale geographic regions, and (ii) composed of common gardens89 234 

with at least two different tree species compared. In each common garden, characterised by homogenous 235 

conditions, several monospecific stands were installed by planting one different tree species by stand. 236 

All stands within a given site were installed and managed identically. In total, tree growth was assessed 237 

in 1,041 monospecific stands distributed over 139 common gardens (hereafter referred to as “sites”) 238 

located mainly in Europe, but also in all other forested continents (Figure S8; for more details, cf. 239 

section Data availability). Together, these sites encompass large ranges of climatic conditions and soil 240 

properties (Figure S9, Table S4). In total, our study comprised the growth data about 153 tree species 241 

representing 99 angiosperm species and 53 gymnosperm species, 61 genera, and 27 families (mainly, in 242 

decreasing order of abundance: Pinaceae, Fagaceae, Fabaceae, Myrtaceae, Cupressaceae, Betulaceae, 243 

Sapindaceae and Meliaceae). These tree species are representative of the main plant functional types 244 

(i.e. deciduous broadleaf = 37%; evergreen broadleaf = 28%; deciduous needleleaf = 3%; evergreen 245 

needleleaf = 32%), including nitrogen-fixing species (14%). The studied tree species are also 246 

representative of the main mycorrhizal symbioses (ectomycorrhizal = 30% and 79% in angiosperms and 247 

gymnosperms, respectively; arbuscular mycorrhizal = 48% and 21% in angiosperms and gymnosperms; 248 

mixed preference for mycorrhizae = 22% in angiosperms).  249 

 250 

European Atlantic Network (hereafter referred to as EAN) 251 

The EAN, also known as the REINFFORCE experimental network (https://reinfforce.iefc.net/en)90, is 252 

composed of 38 common gardens displayed along the European Atlantic region. The EAN constitutes a 253 

gradient of latitude (38.7-56.5°N) and climatic conditions (Table S4), from Portugal to Scotland. The 254 

common gardens were installed in 2011-2013 and monitored afterwards with common protocols. Each 255 

common garden had 2000 trees and 36 common tree species (each having 3 geographical provenances) 256 

planted in an area (as flat and homogenous as possible) of around two hectares.  257 

Among the 36 tree species of the EAN, we chose for our study 23 tree species (Acer pseudoplatanus, 258 

Betula pendula, Calocedrus decurrens, Castanea sativa, Cedrus atlantica, Cupressus sempervirens, 259 

Eucalyptus nitens, Fagus orientalis, Fagus sylvatica, Larix decidua, Liquidambar styraciflua, Pinus 260 

nigra, Pinus pinaster, Pinus sylvestris, Pinus taeda, Pseudotsuga menziesii, Quercus ilex, Quercus 261 

petraea, Quercus robur, Quercus rubra, Robinia pseudoacacia, Sequoia sempervirens, Thuja plicata) 262 

based on three selection criteria: (i) species that have enough trait values reported in the literature (e.g. 263 

leaf nutrient content and photosynthetic capacity), (ii) having a diversity of plant functional types (i.e. 264 

broadleaf species versus needleleaf species, deciduous versus evergreen, early- and late-successional 265 

species91, N-fixing species or not, and different mycorrhizal symbioses) and taxonomic families, and 266 

(iii) species with a good survival rate in the network, implying that species that were planted outside 267 
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their ecological niche were not retained (e.g. Ceratonia siliqua and Pinus caribaea). We selected only 268 

one provenance per species based on several criteria (e.g. survival rate, data availability, etc.), one 269 

criterion being that we chose preferably a provenance that was within or close to the European Atlantic 270 

region, or (for non-European species) having a climate similar to those of the European Atlantic region. 271 

A provenance of a given tree species was not replicated, except for four species (Betula pendula, Cedrus 272 

atlantica, Pinus pinaster and Quercus robur) that were replicated three times in each common garden. 273 

We used these replicates to exclude the common gardens that showed spatial heterogeneity, as quantified 274 

by the coefficient of variation of tree growth among replicates of a given provenance (in the retained 275 

sites, CV = 26.6  2.7%). We also excluded a few common gardens where catastrophic events (disease 276 

problems, exceptional drought just after tree planting, or destruction of most seedlings by dense 277 

populations of herbivores), caused very low survival and made it difficult to obtain reliable growth data. 278 

Finally, data from three common gardens were merged and considered as one single common garden 279 

because these sites were located next to each other (distance < 1 km). All in all, we retained 32 sites. 280 

The dataset comprised 139,049 values of total tree height from 18,576 different trees. 281 

 282 

TreeDivNet (hereafter referred to as TDN) 283 

The TDN is a global network of forest diversity experiments (https://treedivnet.ugent.be)92,93. We 284 

selected sites from this network with the following criteria: (i) a limited number of sites that were located 285 

in the same areas as the EAN to avoid giving a high statistical weight to the European Atlantic region, 286 

(ii) the tree species included in the experimental design are species for which trait data are available in 287 

the literature, and (iii) stands were planted before 2010 in order to have growth data on young adult trees 288 

(sensu ref.37). Based on these criteria and the response we received from their principal investigators, 289 

we retained 14 sites in Europe and Northern America (Table S4). It is noticeable that the TDN sites are 290 

often (i.e. 10 sites among 14) located on land that was previously dedicated to agriculture (i.e. fertilised 291 

croplands or grasslands). In each site there were 3-12 different tree species, growing in monospecific 292 

stands, resulting in 88 site-species combinations. The choice of the planted tree species was made by 293 

each site principal investigator, based on knowledge of the ecological niche of tree species, and their 294 

suitability to local environmental conditions. Tree species were replicated at least twice in each site 295 

(except in one site where there was no replication). The dataset comprised 81,932 tree height 296 

measurements from 19,778 different trees. 297 

 298 

Stand Biomass Dataset (hereafter referred to as SBD) 299 

The SBD originated from a study81 that investigated the influence of tree functional traits on soil organic 300 

carbon, but which also used stand biomass values when available, as an explanatory variable. After 301 

checks on data quality, we extracted data from this publication that contained biomass information for 302 

76 sites. We complemented this dataset with biomass values from 16 sites, provided by some authors of 303 

the present study, giving 92 sites worldwide (Figure S8). In each site, there were 2-14 different tree 304 
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species growing in monospecific stands (mean value: 3.6  0.2 tree species per site), generally following 305 

a common garden design81. Stands that were described as unhealthy or containing important canopy 306 

gaps were not retained. In total, the SBD represented 334 site-species combinations. Unlike EAN and 307 

TDN data that were successive surveys of identified trees, the SBD contained only one survey of tree 308 

aboveground biomass at the stand scale. The SBD did not provide growth rate values because mortality 309 

rate was generally not known, but indicated the integrative response of tree species to local conditions 310 

in terms of growth and survival, that is standing biomass.  311 

 312 

Data about tree growth and biomass.  313 

Tree growth data in the EAN and TDN were similar, as these experimental networks are both based on 314 

successive surveys of young adult trees, enabling the quantification of growth rate in post-sapling stages. 315 

As such, these datasets were handled using a similar methodology. On the other hand, the SBD compiled 316 

comparisons of standing aboveground biomass of different mature tree species, and consequently this 317 

dataset was handled differently. The SBD gave information about biomass accumulation during adult 318 

tree ageing. Thus, the three independent datasets were complementary to each other, as it is well-319 

established that the ontogenetic stage is an important factor driving trait-growth relationships64,94. 320 

 321 

Tree height growth (EAN, TDN) 322 

The quantification of tree growth rate was based on tree height, a variable that was monitored in all 323 

common gardens (contrary to other metrics such as biomass, volume, or stem diameter). Growth rate 324 

values (cm yr-1) were calculated as the difference in tree height between two surveys (each carried out 325 

during the dormant season for vegetation), taking into account the number of growing seasons between 326 

the two surveys. When possible we excluded surveys that were carried out during the two years after 327 

planting, because this period just after planting is often problematic for seedlings (the so-called 328 

“transplant shock”). We chose the final survey based on available data for each site, trying to find a 329 

trade-off between the quantity of available data and the duration of growth (i.e. the time difference 330 

between the two surveys). The measurement period was generally between 3 years and 9 years (41 sites) 331 

but was shortened to 1-2 years when necessary (5 sites). Taking into account the start of monitoring, 332 

growth data were mainly representative of young adult individuals (37 sites where age > 5 yrs; 333 

ontogenetic stage defined by ref.37), with a small proportion of saplings (9 sites; 1 yr < age ≤ 5 yrs), but 334 

no seedlings (0 site; age ≤ 1 yr). 335 

Before analysis, data were curated with several quality controls. Notably a few negative values of tree 336 

growth were observed so we removed these trees, which apparently “shrank” probably due to dieback 337 

of their top. In the case of multi-stemmed trees (2% of trees), we selected the height value of the tallest 338 

stem as the tree height value. We also removed a few site-species combinations for which not enough 339 

surviving trees remained (i.e. n < 5). In the EAN dataset, we observed that some trees (12%) died after 340 

the second survey retained in our study. For each site, we tested the extent to which these “moribund” 341 
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trees might have biased our results, for instance by having a depressed growth rate before death. 342 

Comparing growth rate values with or without these moribund trees showed that there was a significant 343 

difference (Dunnett test on ratio values, and linear regression analysis testing for both zero intercept and 344 

unit slope) for only one common garden when growth rate was assessed in absolute values (i.e. cm yr-345 

1), and that there was no difference at all when relative values were used. Based on these tests, we 346 

decided to not remove trees that died after the second survey, except for the common garden mentioned 347 

above. After all these quality checks, growth rate was estimated for each site-species combination as the 348 

arithmetic mean height growth value of all trees. 349 

 350 

Stand Biomass Dataset (SBD) 351 

The SBD contained data of standing aboveground biomass (in Mg-dry weight ha-1). Considering the tight 352 

allometric relationships that exist among tree structural components (stem, stump, branches, 353 

roots etc.)95–98, we assumed that aboveground biomass was well-representative of stand total biomass. 354 

This dataset is based mainly on quite old common gardens (46  2 years; 26-56 years between the first 355 

and third quartiles) for which it was not possible to calculate growth rate of tree individuals, as in the 356 

EAN and TDN data. Instead, growth rate was here estimated assuming that standing biomass was a good 357 

proxy of forest net growth99,100, at least in forests that are not over-mature101.  358 

 359 

 360 

Trait data 361 

The functional traits that were studied in our three datasets are known to be key traits in plant 362 

functioning47,102,103: plant maximal height (m), plant longevity (years), successional-stage (integer from 363 

1 to 5, which is from pioneer species to climax species), seed mass (mg; log-transformed to avoid data 364 

skewness), wood density (mg cm3), foliage and root element content (C, N, P, Ca; mg g-1), specific leaf 365 

area (SLA; mm2 mg-1), maximum photosynthetic capacity (Amax; µmol g-1 s-1), and specific root length 366 

(SRL; m g-1). We used mass-based values of Amax and foliage composition and not area-based values 367 

because the former generally explain plant growth –and functioning in general– better than the 368 

latter49,68,104.  369 

Trait values were obtained from a previous global scale study of 178 different tree species81. To fill the 370 

data gaps, we first complemented this database with values found in 46 publications and a few 371 

specialised websites (Appendix 1). Content values were extracted from an open database105. In a second 372 

step, we measured traits for the 23 tree species of the EAN. To do this, we sampled one common garden 373 

(in south-western France) for mature foliage (n=36 per species), living branches (n=3 per species), and 374 

living fine roots (n=6 soil cores; roots of < 2 mm in diameter). Samples were analysed (C, N, P, Ca; for 375 

foliage and root) and measured (WD, SLA, SRL) following standard methods106,107. Data obtained from 376 

field samplings showed satisfactory consistency with the initial database81 (r=+0.55 to +0.95 for WD, 377 

SLA and element contents in leaves; regression slope values were close to 1), and we kept the measured 378 
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values for our study. For four tree species of the EAN (Calocedrus decurrens, Cedrus atlantica, 379 

Eucalyptus nitens, Fagus orientalis) we had no Amax value, so in the field we also measured their 380 

maximum photosynthetic capacity under good conditions (cumulated precipitation in the week before 381 

sampling = 34.5 mm; soil water content during measurements  60-70% of the soil water holding 382 

capacity; vapour pressure deficit = 0.64-1.38 kPa; air temperature = 16-25°C; photosynthetically active 383 

radiation  > 1500 µmol m-2 s-1; data from the XyloSylve monitoring platform, 1.5 km from the common 384 

garden (https://www.anaee-france.fr/en/infrastructure-services/in-natura-385 

experimentation/foret/xylosylve)). Finally, for genera with several tree species, we complemented trait 386 

values by replacing missing values by the mean value of their genus, provided that at least two values 387 

were available and that they had a similar magnitude. This latter gap-filling represented a small 388 

proportion of trait values (proportion of estimated values for a given tree species: median = 0%; 389 

mean = 5%). 390 

Trait values were generally highly interrelated (Figure S10), which is a common pattern in functional 391 

ecology21,81,108,109 as plant functions are dependent on each other, implying trade-offs and high levels of 392 

correlation among traits71,102,103,110–113. Due to this strong interplay among functional traits44,114, and 393 

because data about nutrient content of fine roots were scarce for tree species of TDN and SBD, we 394 

restrained the use of root traits to EAN results. Trait value distribution was comparable among datasets 395 

(Table S5).  396 

 397 

 398 

Site data  399 

We collected auxiliary data related to factors (hereafter referred to as “site properties”) that may affect 400 

tree growth, notably climate, atmospheric nitrogen (N) deposition, past land-use and soil properties. At 401 

the site scale, the collected information was: site name and location (longitude and latitude), elevation, 402 

mean annual values of temperature and precipitation (MAT, MAP), past land-use and fertilisation 403 

history (information provided by the principal investigator of each site), soil name and soil parent 404 

material, topsoil clay or sand content, and other topsoil properties (e.g., pH, cation exchange capacity 405 

and its “base” saturation value, total content of phosphorus, soil organic carbon content [SOC] and its 406 

ratio with total nitrogen [C/N], and soil water holding capacity). Original site data were obtained 407 

differently for our three networks of common gardens: EAN site data were obtained using a shared 408 

protocol, and soil analyses were carried out at a single laboratory. Data about TDN sites (and the few 409 

SBD sites that complemented the original dataset) were provided by the principal investigator of each 410 

site, when requested data were available. Data of most SBD sites were extracted from publications81, 411 

with the same availability limitation. This process of data acquisition implied that site data were 412 

homogeneous in the EAN dataset whereas they contained a various proportion of missing values and 413 

there were some heterogeneities in the methods used (e.g. for soil phosphorus analyses) for TDN and 414 

SBD.   415 
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Due to missing auxiliary data in the TDN and SBD datasets (climate, elevation and soil properties), we 416 

complemented them from external sources using the latitude-longitude coordinates of the sites. 417 

Similarly, we used global datasets to include variables that were never measured in the field (e.g. 418 

atmospheric N deposition). The data sources used were taken from the literature (N deposition115; soil 419 

properties116,117) or from large scale databases. Elevation values were obtained from the Enhanced 420 

Shuttle Land Elevation Data (https://www2.jpl.nasa.gov/srtm). For climatic variables, we collected data 421 

for mean annual values of precipitation or temperature (MAP, MAT; http://worldclim.org), potential 422 

evapotranspiration and aridity index (https://cgiarcsi.community). For sites in Europe, we also collected 423 

climate data from the Climate Downscaling Tool (https://www.ibbr.cnr.it/climate-dt), from the B4EST 424 

European project (https://b4est.eu), which enables one to work with scale-free queries, customised 425 

periods (for this study: the period of tree growth in our datasets) and many other variables (e.g. sum of 426 

degree-days above 5°C). The B4EST climate values were consistent with those obtained from other 427 

sources, and were also consistent with data from the XyloSylve monitoring platform. The quality of the 428 

external sources was checked by comparing them with the measured values (when they existed) and 429 

showed acceptable consistency for most variables (r = +0.67 to +0.90 for MAT, MAP, soil pH and soil 430 

clay or sand content; regression slope values were close to 1) but not for some soil properties (e.g. P 431 

content, or cation exchange capacity), which was consistent with previous large-scale studies39,118. We 432 

observed a high level of covariation among several collected site variables. For instance, MAT was 433 

highly correlated with potential evapotranspiration (PET; r = +0.84), sum of degree-days above 5°C 434 

(r = +0.85) and mean temperature during the growing season (r = +0.90). Similarly, the soil water 435 

holding capacity was strongly controlled by soil clay content (r = +0.86) and sand content (r = -0.82). 436 

We retained only a few variables to describe climatic conditions: MAT and MAP (which are commonly 437 

used in ecology53–56), and the “climate factor” index (hereafter referred to as fclimate)
119 because highly-438 

correlated variables can bias methods of model selection120. The climate factor index is based on monthly 439 

climatic conditions of a given site, and increases with concomitant water availability (i.e. 440 

precipitation:PET ratio) and warm temperature (Figure S11), conditions that favour biological 441 

activity121. This fclimate index is normalised between 0 (harsh conditions) to 1 (optimal conditions)39. We 442 

applied the same parsimonious approach for soil data, retaining clay content, SOC content, P content, 443 

C:N ratio and pH as explanatory variables. 444 

 445 

 446 

Data analyses  447 

Identifying the factors influencing site productivity 448 

We first explored the drivers of tree growth with data from the EAN because these are derived from 449 

common gardens sharing the same studied tree species and protocols (29 sites with enough data). The 450 

influence of functional traits (e.g. leaf N content), site properties (e.g. MAT, soil pH) and site 451 

productivity were assessed using three independent approaches (see below). We defined site 452 



13 
 

productivity as the arithmetic mean value of the mean growth rate (cm yr-1) of the n tree species studied 453 

in this site: 454 

 Eq. (1):  ���� ���	
������
 = ∑ ��������  ���� �����ℎ ���������� �⁄  455 

The three approaches for data analysis were: (i) mixed linear models (lme4 package122; assigning the 456 

site identity as a random effect), (ii) predictive linear models with iterations, based on AIC for the 457 

selection of the best model (ols_step_forward_aic function of the olsrr package123), and (iii) non-linear 458 

“random forest” analyses (randomForest package124). For the latter, we followed a backward 459 

elimination method125 to select by iterations the best random forest model, which consists of eliminating 460 

least important variables until out-of-bag prediction accuracy drops. The importance of each variable in 461 

the retained model is assessed based on the percentage increase of Mean Squared Error (%IncMSE). 462 

The threshold value above which a variable is considered as important is not consistent among studies 463 

using the random forest approach126,127 and consequently we defined four levels of confidence to 464 

interpret our results: low (2% ≤ %IncMSE < 5%), moderate (5% ≤ %IncMSE < 10%), high 465 

(10% ≤ %IncMSE < 20%), and very high (%IncMSE  20%). Considering all tree species of the EAN 466 

together, soil C:N ratio and fclimate were the most influencing factors of site productivity (Table S1).  467 

TDN data had the same metric of tree growth as EAN data (i.e. tree height growth, in cm yr-1), that is 468 

why we quantified productivity of TDN sites using the same method as for EAN sites (Equation 1). This 469 

approach was less reliable for TDN data as the tree species were not the same in all sites (as it was the 470 

case in EAN sites). We assumed however that this possible bias had a small impact on results because 471 

the number of tree species in each TDN site was reasonably high (Table S4).  472 

Contrary to EAN and TDN data, we could not calculate site productivity in SBD data because the growth 473 

metric was different (i.e. stand aboveground biomass, in Mg-dry weight ha-1). We consequently used a 474 

surrogate by calculating a site suitability index based on soil C:N and fclimate, which were identified as 475 

the main drivers of EAN sites productivity (see equations in § investigating site-trait interactive effects 476 

on tree growth). 477 

 478 

Defining relative growth rate 479 

Tree growth rate obviously does not depend only on functional traits but also strongly on site properties 480 

(i.e. local climate and soil fertility)40,57,59,61–63. Indeed, when we investigated the main factors influencing 481 

tree growth, all our results confirmed foresters’ knowledge that site productivity was the main factor 482 

controlling tree growth: site productivity was selected first by a mixed linear model (2 = 63.2), a 483 

predictive linear model (contribution to explained variance = 29.1 %), and a non-linear random forest 484 

model (%IncMSE = 55.3%). In addition, site productivity was much more predictive than the second 485 

variable selected by these three models (2 = 22.0; explained variance = 10.4 %; %IncMSE = 34.2%). 486 

To remove the prominent influence of site productivity and hence to enable comparisons among species 487 

across all sites, we transformed the absolute values of tree species growth (cm yr-1) to relative values of 488 
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growth. This was done by dividing the absolute values of tree species growth by the site productivity 489 

value. This ratio was then log-transformed (natural logarithm): 490 

 Eq. (2):  �������� ������� �����ℎ = ��� ���� !"#$ %�!"$  & �'$(�$� )$�� *+ ,#- +�#$
��#$ '+ ."(#�%�#/ 0 491 

Positive relative growth rates indicate that these species had a higher growth rate than the average growth 492 

of the site, and negative relative values indicate a lower growth rate than average for the site. 493 

Nevertheless, for a few tree species that grew extremely slowly compared with the other species within 494 

the same site, this formula led to very negative values of relative growth, with skewness problems of 495 

data distribution. Consequently, we corrected extreme values of relative growth to -2.0 based on 496 

assessments of data distribution (histograms; Shapiro-Wilk tests). An example of a data subset is 497 

presented in Figure S12 that shows how the transformation of growth values removed the relationship 498 

between tree species growth and site productivity (Figure S12AB). An example of relationships between 499 

a functional trait and growth is also presented (Figure S12CD). 500 

 501 

Defining slow-growing species and fast-growing species 502 

In order to compare the effective growth rates of the so-called fast-growing (or slow-growing) species, 503 

we classified tree species, not based on the observed growth rate, but based on their trait values (hereafter 504 

referred to as “trait-defined” classes of tree species; TD = trait-defined). Tree species were considered 505 

as fast-growing(TD) species if they have high values of photosynthetic capacity (Amax), SLA, and leaf N 506 

content44,49. We prioritised Amax to class tree species because this trait is integrative of plant 507 

functioning44,49,128. For tree species without an Amax value, we used the SLA value, or leaf N value 508 

instead. The procedure enabled to class 142 tree species, representing 99% of growth data (93%, 5% 509 

and 1% of data based on Amax, SLA and leaf N, respectively). In practice, however, there is no 510 

functional threshold value between slow-growing(TD) species and fast-growing(TD) species as species are 511 

distributed along trait gradients44,129,130. Following previous studies25, we defined our species classes 512 

based on value distributions of our global database of functional traits. We defined fast-growing(TD) 513 

species and slow-growing(TD) species, with limit values equal to rounded median values 514 

(Amax = 0.1 µmol g-1 s-1; SLA = 13.3 mm2 mg-1; leaf N content = 19.3 mg g-1). These threshold values 515 

are consistent with the distributions reported in other studies carried out at the global scale (Figures 2 in 516 

ref.129,130).  517 

With this trait-based classification, fast-growing(TD) species tended to be represented more in broadleaf 518 

deciduous species than in needleleaf evergreen species, whereas slow-growing(TD) species included both 519 

broadleaf species and needleleaf species (Table S3; Appendix 2). Similarly, both groups contained 520 

arbuscular mycorrhizal species and ectomycorrhizal species. Although there was no significant 521 

difference of shade tolerance and both groups contained early-successional species (e.g. Pinus species 522 

and Betula species), fast-growing(TD) species were on average characteristic of earlier successional 523 
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stages than slow-growing(TD) species. Finally, fast-growing(TD) species live shorter and have more dense 524 

wood than slow-growing(TD) species. 525 

 526 

Investigating site-trait interactive effects on tree growth 527 

We expected that the role of functional traits in tree growth was neither unidirectional (i.e. always 528 

positive or negative) nor systematic (i.e. the traits correlated with tree growth were not systematically 529 

the same across different regions), but depends on environmental conditions29,36,64,74. To test these 530 

possible site-trait interactions, we used two approaches, depending on data structure:  531 

(1) For common gardens where it was possible to quantify a site productivity metric (in cm yr-1) and 532 

that included at least 10 different tree species, we investigated the extent to which the influence of trait 533 

values depended on site productivity, and this was done by regressing a linear relationship between site 534 

productivity and the [species growth-trait value] correlation value of the same site: 535 

 Eq. (3):  ����1�����ℎ�'$(�$� − �����3 = 45���� ���	
������
6 536 

with corr{growth.species-trait} = correlation value between species growth rate and species trait 537 

value; correlations being performed site by site. 538 

This case corresponded to all EAN sites and three sites from TDN. Nevertheless, it was not possible to 539 

compare r values from EAN directly with TDN because the probability of having by-random high r 540 

values tends to increase with decreasing size of data131, implying that correlations obtained from TDN 541 

(10-12 species per site) were less reliable than those from EAN (23 tree species per site). Nevertheless, 542 

even if TDN r values were not used along with EAN r values to statistically test the interactions between 543 

site properties and growth.species-trait relationships, in the graphs we added the results from the three TDN 544 

sites that contained at least 10 tree species. 545 

(2) For the common gardens that did not fulfil the conditions described above (which corresponded to 546 

all SBD data and the TDN sites with only 3-8 tree species), we assessed the site-trait interactive effect 547 

on tree growth using two approaches: a categorical analysis (2a), and a continuous analysis(2b). In the 548 

categorical approach (2a), we grouped sites into two classes of site productivity (hereafter referred to as 549 

“favourable” and “unfavourable”). Site productivity values were not available for most sites, so we 550 

considered site properties that are known to commonly influence plant growth: past land-use50, soil 551 

properties such as soil phosphorus content132 and climate. We retained neither past land-use nor soil 552 

phosphorus content as factors defining site productivity because this information was unfortunately not 553 

available for many sites. Instead, the soil C:N ratio is known for most of our sites, and has been identified 554 

as a reliable predictor of forest productivity63. In addition, soil C:N ratio appeared to be a good predictor 555 

of site productivity in the EAN (Table S1 and significant correlation: r = -0.44, t = -2.67, P = 0.012), 556 

probably because of its influence on soil N cycling and bioavailability133,134. Therefore, we retained this 557 

variable as a reliable proxy of productivity in TDN data and SBD data. For clarity and concision, we 558 

restrained the site properties to only one soil descriptor (i.e. soil C:N ratio) and one climatic descriptor 559 

(i.e. fclimate), which is also consistent with the interactive effects of soil properties and climate on 560 
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functional traits135. The rationale of fclimate selection is that, contrary to MAP or MAT, it combines 561 

information about both water availability and warmth, and has already been tested at national or global 562 

scales39,121,136. The values of these site properties used to separate the low- and high-productivity sites 563 

were defined as follows. The topsoil C:N threshold value was fixed as 12, which corresponds to a value 564 

that well separates typical forest soils (with high C:N values) from croplands, afforested croplands, and 565 

fertile sites (with low C:N values)137–140. The fclimate threshold value was fixed as 0.40, which separates 566 

dry or cold climates from milder climates39. Based on these threshold values, it appeared that a majority 567 

of our studied sites were unfavourable to tree growth (Figure S13). We then tested whether the slope of 568 

the growth-trait relationship (in relative values) was influenced by the site productivity class by building 569 

a regression model with interaction with the studied site descriptor, and a second model without 570 

interaction (using aov function). Then, the two regression models were compared using ANCOVA 571 

(using anova function). We concluded that a site-trait interaction existed if the slope of the regression 572 

was significantly different between the low-productivity class and the high-productivity class. 573 

In the continuous approach (2b), we calculated an index of site suitability to biological activity. This 574 

way done by normalising and combining values of soil C:N ratio and fclimate: 575 

 Eq. (4):  78��.$9 = ��� :1; �12 ���� 7: 8? 0@ 576 

 Eq. (5):  7��������.$9 = ��� A1; �4(!�)�#$ 0.40? 0E 577 

with 12 and 0.40 being the threshold values in the categorical approach for soil C:N and fclimate. 578 

 Eq. (6):  F��� �
���G����
 = 78��.$9 × 7��������.$9 579 

The site suitability index is a proxy of site productivity as it quantifies the site capacity to support a high 580 

biological activity. The site suitability index is normalised and ranges from 0 (extremely unfavourable 581 

conditions) to 1 (particularly favourable conditions). In the EAN dataset, site suitability is highly 582 

correlated to site productivity (r = +0.53, t = 4.0, df = 30, P = 0.002). 583 

 584 

Analysing the sensitivity of results to the retained threshold values 585 

We tested to what extent changing the threshold values retained for classing sites (favourable versus 586 

unfavourable, based on soil C:N ratio and fclimate), or for classing tree species (slow-growing(TD) versus 587 

fast-growing(TD), based on Amax, SLA or leaf N content) would change our results. We first quantified 588 

for each of these five factors the difference between the percentile 40% and the percentile 60%, which 589 

represents the part of a normal distribution where values change most (hereafter referred to as “max 590 

change range”, MCR; e.g. for soil C:N ratio, MCR ≈ 2). In a second step, we defined the ranges of 591 

sensitivity analyses by adding or subtracting the MCR value to the threshold value initially retained (e.g. 592 

for soil C:N ratio, range of analysis = 12  2 = 10-14; Table S6A). Doing so led to make varying to a 593 

large extent the population size of site classes (up to 2.9-fold; n = 159-466 stands in unfavourable sites, 594 

based on soil C:N ratio) and species classes (up to 2.7-fold; n = 242-663 stands of slow-growing(TD) 595 
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species). These results explain why we did not use larger ranges of sensitivity analyses because it would 596 

have implied comparing classes with extremely unbalanced size, with deleterious effects on results 597 

stability. 598 

We finally performed the sensitivity analyses by testing the difference between site classes (favourable 599 

versus unfavourable) and between tree species (slow-growing(TD) versus fast-growing(TD)) with varying 600 

threshold values (n = 5, including the value initially retained as median value; e.g. for soil C:N ratio: 10, 601 

11, 12 {retained}, 13, 14). The results showed that the comparison between sites was stable despite 602 

varying values of soil C:N ratio (Table S6A). Although the lower part of the tested range for fclimate 603 

showed non-significant slope difference, the results were stable in term of slope values and the slope 604 

difference remained significant in the upper part of the range (Table S6B). Regarding tree species, the 605 

results were also satisfactory, with quite stable slope values (Table S6C) and a constant difference of 606 

growth rate between slow-growing(TD) species and fast-growing(TD) species (Table S6D). 607 

 608 

 609 

 610 

References 611 

1. Canadell, J. G. & Schulze, E. D. Global potential of biospheric carbon management for climate 612 

mitigation. Nature Communications 5, 1–12 (2014). 613 

2. Lambers, H. & Poorter, H. Inherent variation in growth rate between higher plants: a search for 614 

physiological causes and ecological consequences. in Advances in Ecological Research vol. 23 187–615 

261 (Elsevier, 1992). 616 

3. Paine, C. E. T. et al. Globally, functional traits are weak predictors of juvenile tree growth, and we 617 

do not know why. Journal of Ecology 103, 978–989 (2015). 618 

4. IPCC. Climate Change 2022: Impacts, Adaptation, and Vulnerability. Contribution of Working 619 

Group II to the Sixth Assessment Report of the Intergovernmental Panel on Climate Change [H.-O. 620 

Pörtner, D.C. Roberts, M. Tignor, E.S. Poloczanska, K. Mintenbeck, A. Alegría, M. Craig, S. 621 

Langsdorf, S. Löschke, V. Möller, A. Okem, B. Rama (eds.)]. Cambridge University Press. In Press. 622 

(2022). 623 

5. Bonan, G. B. Forests and climate change: Forcings, feedbacks, and the climate benefits of forests. 624 

Science 320, 1444–1449 (2008). 625 

6. Tagesson, T. et al. Recent divergence in the contributions of tropical and boreal forests to the 626 

terrestrial carbon sink. Nature Ecology & Evolution 4, 202–209 (2020). 627 



18 
 

7. Gatti, L. V. et al. Amazonia as a carbon source linked to deforestation and climate change. Nature 628 

595, 388–393 (2021). 629 

8. Lewis, S. L., Wheeler, C. E., Mitchard, E. T. A. & Koch, A. Regenerate natural forests to store 630 

carbon. Nature 568, 25–28 (2019). 631 

9. Forzieri, G. et al. Emergent vulnerability to climate-driven disturbances in European forests. Nature 632 

Communications 12, 1–12 (2021). 633 

10. Seidl, R. et al. Invasive alien pests threaten the carbon stored in Europe’s forests. Nature 634 

Communications 9, 1–10 (2018). 635 

11. Seidl, R., Schelhaas, M.-J., Rammer, W. & Verkerk, P. J. Increasing forest disturbances in 636 

Europe and their impact on carbon storage. Nature Climate Change 4, 806–810 (2014). 637 

12. Naudts, K. et al. Europe’s forest management did not mitigate climate warming. Science 351, 638 

597–600 (2016). 639 

13. Luyssaert, S. et al. Trade-offs in using European forests to meet climate objectives. Nature 562, 640 

259–262 (2018). 641 

14. Schwaab, J. et al. Increasing the broad‑leaved tree fraction in european forests mitigates hot 642 

temperature extremes. Scientific Reports 10, 1–9 (2020). 643 

15. Alkama, R. et al. Vegetation-based climate mitigation in a warmer and greener World. Nature 644 

Communications 13, 1–10 (2022). 645 

16. Lindner, M. & Karjalainen, T. Carbon inventory methods and carbon mitigation potentials of 646 

forests in Europe: a short review of recent progress. European Journal of Forest Research 126, 149–647 

156 (2007). 648 

17. Aerts, R. & Chapin, F. S. The mineral nutrition of wild plants revisited: A re-evaluation of 649 

processes and patterns. Advances in Ecological Research 30, 1–67 (2000). 650 

18. Reich, P. B., Tjoelker, M., Walters, M., Vanderklein, D. & Buschena, C. Close association of 651 

RGR, leaf and root morphology, seed mass and shade tolerance in seedlings of nine boreal tree 652 

species grown in high and low light. Functional Ecology 12, 327–338 (1998). 653 

19. Grime, J. et al. Integrated screening validates primary axes of specialisation in plants. Oikos 79, 654 

259–281 (1997). 655 



19 
 

20. Wright, I. J. & Westoby, M. Differences in seedling growth behaviour among species: trait 656 

correlations across species, and trait shifts along nutrient compared to rainfall gradients. Journal of 657 

Ecology 87, 85–97 (1999). 658 

21. Laughlin, D. C. et al. Intraspecific trait variation can weaken interspecific trait correlations when 659 

assessing the whole-plant economic spectrum. Ecology and Evolution 7, 8936–8949 (2017). 660 

22. Comas, L. H. & Eissenstat, D. M. Linking fine root traits to maximum potential growth rate 661 

among 11 mature temperate tree species. Functional Ecology 18, 388–397 (2004). 662 

23. Cornelissen, J., Werger, M., Castro-Diez, P., Van Rheenen, J. & Rowland, A. Foliar nutrients 663 

in relation to growth, allocation and leaf traits in seedlings of a wide range of woody plant species 664 

and types. Oecologia 111, 460–469 (1997). 665 

24. Castro-Díez, P., Puyravaud, J.-P. & Cornelissen, J. Leaf structure and anatomy as related to leaf 666 

mass per area variation in seedlings of a wide range of woody plant species and types. Oecologia 667 

124, 476–486 (2000). 668 

25. Grime, J. P. & Hunt, R. Relative growth-rate: its range and adaptive significance in a local flora. 669 

Journal of Ecology 63, 393–422 (1975). 670 

26. Hoeber, S., Leuschner, C., Koehler, L., Arias-Aguilar, D. & Schuldt, B. The importance of 671 

hydraulic conductivity and wood density to growth performance in eight tree species from a tropical 672 

semi-dry climate. Forest Ecology and Management 330, 126–136 (2014). 673 

27. Li, Y., Kroeber, W., Bruelheide, H., Haerdtle, W. & von Oheimb, G. Crown and leaf traits as 674 

predictors of subtropical tree sapling growth rates. Journal of Plant Ecology 10, 136–145 (2017). 675 

28. Grossman, J. J., Cavender-Bares, J., Hobbie, S. E., Reich, P. B. & Montgomery, R. A. Species 676 

richness and traits predict overyielding in stem growth in an early-successional tree diversity 677 

experiment. Ecology 98, 2601–2614 (2017). 678 

29. Bongers, F. J. et al. Growth-trait relationships in subtropical forest are stronger at higher 679 

diversity. Journal of Ecology 108, 256–266 (2020). 680 

30. Poorter, L. et al. Are functional traits good predictors of demographic rates? Evidence from five 681 

neotropical forests. Ecology 89, 1908–1920 (2008). 682 



20 
 

31. Wright, S. J. et al. Functional traits and the growth–mortality trade-off in tropical trees. Ecology 683 

91, 3664–3674 (2010). 684 

32. Aiba, M. & Nakashizuka, T. Growth properties of 16 non-pioneer rain forest tree species 685 

differing in sapling architecture. Journal of Ecology 97, 992–999 (2009). 686 

33. Easdale, T. A. & Healey, J. R. Resource-use-related traits correlate with population turnover 687 

rates, but not stem diameter growth rates, in 29 subtropical montane tree species. Perspectives in 688 

Plant Ecology, Evolution and Systematics 11, 203–218 (2009). 689 

34. Herault, B. et al. Functional traits shape ontogenetic growth trajectories of rain forest tree 690 

species. Journal of Ecology 99, 1431–1440 (2011). 691 

35. Song, C. et al. Differential tree demography mediated by water stress and functional traits in a 692 

moist tropical forest. Functional Ecology 37, 2927–2939 (2023). 693 

36. Thomas, F. M. & Vesk, P. A. Are trait-growth models transferable? Predicting multi-species 694 

growth trajectories between ecosystems using plant functional traits. PLOS One 12, 1–19 (2017). 695 

37. Gibert, A., Gray, E. F., Westoby, M., Wright, I. J. & Falster, D. S. On the link between functional 696 

traits and growth rate: meta-analysis shows effects change with plant size, as predicted. Journal of 697 

Ecology 104, 1488–1503 (2016). 698 

38. Weemstra, M., Zambrano, J., Allen, D. & Umaña, M. N. Tree growth increases through 699 

opposing above-ground and below-ground resource strategies. Journal of Ecology 109, 3502–3512 700 

(2021). 701 

39. Augusto, L., Achat, D. L., Jonard, M., Vidal, D. & Ringeval, B. Soil parent material - A major 702 

driver of plant nutrient limitations in terrestrial ecosystems. Global Change Biology 23, 3808–3824 703 

(2017). 704 

40. Nemani, R. R. et al. Climate-driven increases in global terrestrial net primary production from 705 

1982 to 1999. Science 300, 1560–1563 (2003). 706 

41. Fisher, J. B., Badgley, G. & Blyth, E. Global nutrient limitation in terrestrial vegetation. Global 707 

Biogeochemical Cycles 26, 1–9 (2012). 708 

42. Jonard, M. et al. Tree mineral nutrition is deteriorating in Europe. Global Change Biology 21, 709 

418–430 (2015). 710 



21 
 

43. Chapin, F. S., Autumn, K. & Pugnaire, F. Evolution of suites of traits in response to 711 

environmental-stress. American Naturalist 142, S78–S92 (1993). 712 

44. Reich, P. B. The world-wide ‘fast-slow’ plant economics spectrum: a traits manifesto. Journal 713 

of Ecology 102, 275–301 (2014). 714 

45. Finegan, B. et al. Does functional trait diversity predict above-ground biomass and productivity 715 

of tropical forests? Testing three alternative hypotheses. Journal of Ecology 103, 191–201 (2015). 716 

46. Francis, E. J. et al. Quantifying the role of wood density in explaining interspecific variation in 717 

growth of tropical trees. Global Ecology and Biogeography 26, 1078–1087 (2017). 718 

47. Kunstler, G. et al. Plant functional traits have globally consistent effects on competition. Nature 719 

529, 204–209 (2016). 720 

48. Chave, J. et al. Towards a worldwide wood economics spectrum. Ecology Letters 12, 351–366 721 

(2009). 722 

49. Poorter, H., Lambers, H. & Evans, J. R. Trait correlation networks: a whole-plant perspective 723 

on the recently criticized leaf economic spectrum. New Phytologist 201, 378–382 (2014). 724 

50. Hunter, I. & Schuck, A. Increasing forest growth in europe - possible causes and implications 725 

for sustainable forest management. Plant Biosystems 136, 133–141 (2002). 726 

51. LeBauer, D. S. & Treseder, K. K. Nitrogen limitation of net primary productivity in terrestrial 727 

ecosystems is globally distributed. Ecology 89, 371–379 (2008). 728 

52. Schulte-Uebbing, L. & de Vries, W. Global-scale impacts of nitrogen deposition on tree carbon 729 

sequestration in tropical, temperate, and boreal forests: A meta-analysis. Global Change Biology 24, 730 

E416–E431 (2018). 731 

53. Brienen, R. J. et al. Forest carbon sink neutralized by pervasive growth-lifespan trade-offs. 732 

Nature Communications 11, 1–10 (2020). 733 

54. Charru, M., Seynave, I., Hervé, J. C., Bertrand, R. & Bontemps, J. D. Recent growth changes in 734 

Western European forests are driven by climate warming and structured across tree species climatic 735 

habitats. Annals of Forest Science 74, 1-34,33 (2017). 736 

55. Harvey, J. E. et al. Tree growth influenced by warming winter climate and summer moisture 737 

availability in northern temperate forests. Global Change Biology 26, 2505–2518 (2020). 738 



22 
 

56. Ols, C., Hervé, J.-C. & Bontemps, J.-D. Recent growth trends of conifers across Western Europe 739 

are controlled by thermal and water constraints and favored by forest heterogeneity. Science of the 740 

Total Environment 742, 1–16 (2020). 741 

57. Poorter, L. et al. Biodiversity and climate determine the functioning of Neotropical forests. 742 

Global Ecology and Biogeography 26, 1423–1434 (2017). 743 

58. Simova, I. et al. The relationship of woody plant size and leaf nutrient content to large-scale 744 

productivity for forests across the Americas. Journal of Ecology 107, 2278–2290 (2019). 745 

59. Babst, F. et al. Site- and species-specific responses of forest growth to climate across the 746 

European continent. Global Ecology and Biogeography 22, 706–717 (2013). 747 

60. Hoffmann, N., Heinrichs, S., Schall, P. & Vor, T. Climatic factors controlling stem growth of 748 

alien tree species at a mesic forest site: a multispecies approach. European Journal of Forest 749 

Research 139, 915–934 (2020). 750 

61. Soong, J. L. et al. Soil properties explain tree growth and mortality, but not biomass, across 751 

phosphorus-depleted tropical forests. Scientific Reports 10, 1–13 (2020). 752 

62. van der Sande, M. T. et al. Soil fertility and species traits, but not diversity, drive productivity 753 

and biomass stocks in a Guyanese tropical rainforest. Functional Ecology 32, 461–474 (2018). 754 

63. Van Sundert, K. et al. Towards comparable assessment of the soil nutrient status across scales-755 

Review and development of nutrient metrics. Global Change Biology 26, 392–409 (2020). 756 

64. Oktavia, D., Park, J. W. & Jin, G. Life stages and habitat types alter the relationships of tree 757 

growth with leaf traits and soils in an old-growth temperate forest. Flora 293, 1–8 (2022). 758 

65. Augusto, L., Davies, T. J., Delzon, S. & de Schrijver, A. The enigma of the rise of angiosperms : 759 

can we untie the knot? Ecology Letters 17, 1326–1338 (2014). 760 

66. Mirabel, A. et al. A whole-plant functional scheme predicting the early growth of tropical tree 761 

species: evidence from 15 tree species in Central Africa. Trees-Structure and Function 33, 491–505 762 

(2019). 763 

67. Grime, J. P. Evidence for the existence of three primary strategies in plants and its relevance to 764 

ecological and evolutionary theory. The American Naturalist 111, 1169–1194 (1977). 765 



23 
 

68. Gomarasca, U. et al. Leaf-level coordination principles propagate to the ecosystem scale. Nature 766 

Communications 14, 1–11 (2023). 767 

69. Makoto, K., Kitagawa, R. & Blume-Werry, G. How do leaf functional traits and age influence 768 

the maximum rooting depth of trees? European Journal of Forest Research 1–10 (2023). 769 

70. Koehler, K., Center, A. & Cavender-Bares, J. Evidence for a freezing tolerance–growth rate 770 

trade-off in the live oaks (Quercus series Virentes) across the tropical–temperate divide. New 771 

Phytologist 193, 730–744 (2012). 772 

71. Rueda, M., Godoy, O. & Hawkins, B. A. Trait syndromes among North American trees are 773 

evolutionarily conserved and show adaptive value over broad geographic scales. Ecography 41, 450–774 

550 (2018). 775 

72. De Deyn, G. B., Cornelissen, J. H. & Bardgett, R. D. Plant functional traits and soil carbon 776 

sequestration in contrasting biomes. Ecology Letters 11, 516–531 (2008). 777 

73. Pierce, S. et al. A global method for calculating plant CSR ecological strategies applied across 778 

biomes world-wide. Functional Ecology 31, 444–457 (2017). 779 

74. Baez, S. & Homeier, J. Functional traits determine tree growth and ecosystem productivity of a 780 

tropical montane forest: Insights from a long-term nutrient manipulation experiment. Global Change 781 

Biology 24, 399–409 (2018). 782 

75. Salgado-Luarte, C. & Gianoli, E. Shade tolerance and herbivory are associated with RGR of 783 

tree species via different functional traits. Plant Biology 19, 413–419 (2017). 784 

76. Shen, Y. et al. Linking soil nutrients and traits to seedling growth: A test of the plant economics 785 

spectrum. Forest Ecology and Management 505, 1–11 (2022). 786 

77. Bauman, D. et al. Tropical tree growth sensitivity to climate is driven by species intrinsic growth 787 

rate and leaf traits. Global Change Biology 28, 1414–1432 (2022). 788 

78. Münchinger, I. K., Hajek, P., Akdogan, B., Caicoya, A. T. & Kunert, N. Leaf thermal tolerance 789 

and sensitivity of temperate tree species are correlated with leaf physiological and functional drought 790 

resistance traits. Journal of Forestry Research 34, 63–76 (2023). 791 

79. Serra-Maluquer, X. et al. Wood density and hydraulic traits influence species’ growth response 792 

to drought across biomes. Global Change Biology 28, 3871–3882 (2022). 793 



24 
 

80. Wang, X. et al. Functional traits and stand factors as strong drivers of radial growth response to 794 

hotter drought in a temperate forest of North China. European Journal of Forest Research 141, 927–795 

938 (2022). 796 

81. Augusto, L. & Boča, A. Tree functional traits, forest biomass, and tree species diversity interact 797 

with site properties to drive forest soil carbon. Nature Communications 13, 1–12 (2022). 798 

82. Gamfeldt, L. et al. Higher levels of multiple ecosystem services are found in forests with more 799 

tree species. Nature Communications 4, 1–8 (2013). 800 

83. Felipe-Lucia, M. R. et al. Multiple forest attributes underpin the supply of multiple ecosystem 801 

services. Nature Communications 9, 1–11 (2018). 802 

84. Bignotti, L. et al. Seasonal variation of size-resolved aerosol fluxes in a Peri-urban deciduous 803 

broadleaved forest. Agricultural and Forest Meteorology 327, 1–14 (2022). 804 

85. Stier-Jarmer, M. et al. The psychological and physical effects of forests on human health: A 805 

systematic review of systematic reviews and meta-analyses. International Journal of Environmental 806 

Research and Public Health 18, 1–38 (2021). 807 

86. Warner, E. et al. Young mixed planted forests store more carbon than monocultures—a meta-808 

analysis. Frontiers in Forests and Global Change 6, 1–12 (2023). 809 

87. Messier, C. et al. For the sake of resilience and multifunctionality, let’s diversify planted forests! 810 

Conservation Letters 15, 1–8 (2022). 811 

88. Baeten, L. et al. Identifying the tree species compositions that maximize ecosystem functioning 812 

in European forests. Journal of Applied Ecology 56, 733–744 (2019). 813 

89. Schwinning, S., Lortie, C. J., Esque, T. C. & DeFalco, L. A. What common-garden experiments 814 

tell us about climate responses in plants. Journal of Ecology 110, 986–996 (2022). 815 

90. Correia, A. H. et al. Early survival and growth plasticity of 33 species planted in 38 Arboreta 816 

across the European Atlantic area. Forests 9, 1–18 (2018). 817 

91. Manohan, B. et al. Use of functional traits to distinguish successional guilds of tree species for 818 

restoring forest ecosystems. Forests 14, 1–17 (2023). 819 

92. Paquette, A. et al. A million and more trees for science. Nature Ecology & Evolution 2, 763–820 

766 (2018). 821 



25 
 

93. Verheyen, K. et al. Contributions of a global network of tree diversity experiments to sustainable 822 

forest plantations. Ambio 45, 29–41 (2016). 823 

94. Falster, D. S., Duursma, R. A. & FitzJohn, R. G. How functional traits influence plant growth 824 

and shade tolerance across the life cycle. Proceedings of the National Academy of Sciences of the 825 

United States of America 115, E6789–E6798 (2018). 826 

95. Chen, G., Hobbie, S. E., Reich, P. B., Yang, Y. & Robinson, D. Allometry of fine roots in forest 827 

ecosystems. Ecology Letters 22, 322–331 (2019). 828 

96. Enquist, B. J., Brown, J. H. & West, G. B. Allometric scaling of plant energetics and population 829 

density. Nature 395, 163–165 (1999). 830 

97. Mokany, K., Raison, R. J. & Prokushkin, A. S. Critical analysis of root: shoot ratios in terrestrial 831 

biomes. Global Change Biology 12, 84–96 (2006). 832 

98. Ma, H. et al. The global distribution and environmental drivers of aboveground versus 833 

belowground plant biomass. Nature Ecology & Evolution 5, 1110–1122 (2021). 834 

99. Ciais, P. et al. Carbon accumulation in European forests. Nature Geoscience 1, 425–429 (2008). 835 

100. Hao, M. et al. Functional traits influence biomass and productivity through multiple 836 

mechanisms in a temperate secondary forest. European Journal of Forest Research 139, 959–968 837 

(2020). 838 

101. He, L., Chen, J. M., Pan, Y., Birdsey, R. & Kattge, J. Relationships between net primary 839 

productivity and forest stand age in US forests. Global Biogeochemical Cycles 26, (2012). 840 

102. Diaz, S. et al. The global spectrum of plant form and function. Nature 529, 167-U73 (2016). 841 

103. Wright, I. J. et al. Assessing the generality of global leaf trait relationships. New Phytologist 842 

166, 485–496 (2005). 843 

104. Poorter, H., Remkes, C. & Lambers, H. Carbon and nitrogen economy of 24 wild species 844 

differing in relative growth rate. Plant Physiology 94, 621–627 (1990). 845 

105. Doraisami, M. et al. A global database of woody tissue carbon concentrations. Scientific Data 846 

9, 1–12 (2022). 847 

106. Garnier, E., Shipley, B., Roumet, C. & Laurent, G. A standardized protocol for the determination 848 

of specific leaf area and leaf dry matter content. Functional Ecology 15, 688–695 (2001). 849 



26 
 

107. Perez-Harguindeguy, N. et al. New handbook for standardised measurement of plant functional 850 

traits worldwide. Australian Jounal of Botany 61, 167–234 (2013). 851 

108. Bruelheide, H. et al. Global trait-environment relationships of plant communities. Nature 852 

Ecology & Evolution 2, 1906–1917 (2018). 853 

109. Caminha-Paiva, D., Negreiros, D., Barbosa, M. & Fernandes, G. W. Functional trait 854 

coordination in the ancient and nutrient-impoverished campo rupestre: soil properties drive stem, leaf 855 

and architectural traits. Biological Journal of the Linnean Society 133, 531–545 (2021). 856 

110. Eviner, V. T. & Chapin III, F. S. Functional matrix: a conceptual framework for predicting 857 

multiple plant effects on ecosystem processes. Annual Review of Ecology, Evolution, and Systematics 858 

34, 455–485 (2003). 859 

111. Flores-Moreno, H. et al. Robustness of trait connections across environmental gradients and 860 

growth forms. Global Ecology and Biogeography 28, 1806–1826 (2019). 861 

112. Osnas, J. L. D., Lichstein, J. W., Reich, P. B. & Pacala, S. W. Global Leaf Trait Relationships: 862 

Mass, Area, and the Leaf Economics Spectrum. Science 340, 741–744 (2013). 863 

113. Reich, P. B. et al. The evolution of plant functional variation: Traits, spectra, and strategies. 864 

International Journal of Plant Sciences 164, S143–S164 (2003). 865 

114. de la Riva, E. G. et al. Root traits across environmental gradients in Mediterranean woody 866 

communities: are they aligned along the root economics spectrum? Plant and Soil 424, 35–48 (2018). 867 

115. Vet, R. et al. A global assessment of precipitation chemistry and deposition of sulfur, nitrogen, 868 

sea salt, base cations, organic acids, acidity and pH, and phosphorus. Atmospheric Environment 93, 869 

3–100 (2014). 870 

116. Hengl, T. et al. SoilGrids250m: Global gridded soil information based on machine learning. 871 

PLOS One 12, 1–40 (2017). 872 

117. Shangguan, W., Dai, Y., Duan, Q., Liu, B. & Yuan, H. A global soil data set for earth system 873 

modeling. Journal of Advances in Modeling Earth Systems 6, 249–263 (2014). 874 

118. Lu, J. et al. Remarkable effects of microbial factors on soil phosphorus bioavailability: A 875 

country-scale study. Global Change Biology 28, 4459–4471 (2022). 876 



27 
 

119. Lloyd, J. & Taylor, J. A. On the temperature-dependence of soil respiration. Functional Ecology 877 

8, 315–323 (1994). 878 

120. Toloşi, L. & Lengauer, T. Classification with correlated features: unreliability of feature ranking 879 

and solutions. Bioinformatics 27, 1986–1994 (2011). 880 

121. Adair, E. C. et al. Simple three-pool model accurately describes patterns of long-term litter 881 

decomposition in diverse climates. Global Change Biology 14, 2636–2660 (2008). 882 

122. Bates, D., Mächler, M., Bolker, B. & Walker, S. Fitting Linear Mixed-Effects Models Using 883 

{lme4}. Journal of Statistical Software 67, 1–48 (2015). 884 

123. Hebbali, A. Olsrr: Tools for Building OLS Regression Models. (2020). 885 

124. Liaw, A. & Wiener, M. Classification and Regression by randomForest. R News 2, 18–22 886 

(2002). 887 

125. Díaz-Uriarte, R. & Alvarez de Andrés, S. Gene selection and classification of microarray data 888 

using random forest. BMC bioinformatics 7, 1–13 (2006). 889 

126. Shao, Z., Zhang, L. & Wang, L. Stacked sparse autoencoder modeling using the synergy of 890 

airborne LiDAR and satellite optical and SAR data to map forest above-ground biomass. IEEE 891 

Journal of Selected Topics in Applied Earth Observations and Remote Sensing 10, 5569–5582 892 

(2017). 893 

127. Trefflich, I., Dietrich, S., Braune, A., Abraham, K. & Weikert, C. Short-and branched-chain 894 

fatty acids as fecal markers for microbiota activity in vegans and omnivores. Nutrients 13, 1–17 895 

(2021). 896 

128. Ellsworth, D. S. et al. Convergence in phosphorus constraints to photosynthesis in forests 897 

around the world. Nature Communications 13, 1–12 (2022). 898 

129. Reich, P. B., Walters, M. B. & Ellsworth, D. S. From tropics to tundra: Global convergence in 899 

plant functioning. Proceedings of the National Academy of Sciences of the United States of America 900 

94, 13730–13734 (1997). 901 

130. Wright, I. J. et al. The worldwide leaf economics spectrum. Nature 428, 821–827 (2004). 902 

131. Bujang, M. A. & Baharum, N. Sample size guideline for correlation analysis. World Journal of 903 

Social Science Research 3, 37–46 (2016). 904 



28 
 

132. Manghabati, H., Weis, W. & Göttlein, A. Importance of soil extractable phosphorus distribution 905 

for mature Norway spruce nutrition and productivity. European Journal of Forest Research 137, 906 

631–642 (2018). 907 

133. Niklinska, M., Maryanski, M. & Laskowski, R. Effect of temperature on humus respiration rate 908 

and nitrogen mineralization: Implications for global climate change. Biogeochemistry 44, 239–257 909 

(1999). 910 

134. Augusto, L. et al. Influences of evergreen gymnosperm and deciduous angiosperm tree species 911 

on the functioning of temperate and boreal forests. Biological Reviews 90, 444–466 (2015). 912 

135. Joswig, J. S. et al. Climatic and soil factors explain the two-dimensional spectrum of global 913 

plant trait variation. Nature Ecology & Evolution 6, 36–50 (2022). 914 

136. Chen, S. et al. National estimation of soil organic carbon storage potential for arable soils: A 915 

data-driven approach coupled with carbon-landscape zones. Science of the Total Environment 666, 916 

355–367 (2019). 917 

137. Cools, N., Vesterdal, L., De Vos, B., Vanguelova, E. & Hansen, K. Tree species is the major 918 

factor explaining C: N ratios in European forest soils. Forest Ecology and Management 311, 3–16 919 

(2014). 920 

138. Amorim, H. C., Hurtarte, L. C., Souza, I. F. & Zinn, Y. L. C: N ratios of bulk soils and particle-921 

size fractions: Global trends and major drivers. Geoderma 425, 1–9 (2022). 922 

139. Xu, X., Li, D., Cheng, X., Ruan, H. & Luo, Y. Carbon: nitrogen stoichiometry following 923 

afforestation: a global synthesis. Scientific Reports 6, 1–8 (2016). 924 

140. Post, W. M., Pastor, J., Zinke, P. J. & Stangenberger, A. G. Global Patterns of Soil-Nitrogen 925 

Storage. Nature 317, 613–616 (1985). 926 

 927 

 928 

DATA AVAILABILITY 929 

The data generated in this study have been deposited in the https://entrepot.recherche.data.gouv.fr 930 

database under accession link https://doi.org/10.57745/3OIGHB (Etalab Open License 2.0, compatible 931 

CC-BY 2.0). 932 

 933 



29 
 

 934 

CODE AVAILBILITY  935 

The main R procedures that were used have been deposited in the https://entrepot.recherche.data.gouv.fr 936 

database under accession link https://doi.org/10.57745/3OIGHB. Complementary information can be 937 

provided by authors on request. 938 

 939 

 940 

ACKNOWLEDGEMENTS 941 

The EAN common gardens were installed owed to the financial support of the REINFFORCE project 942 

(INTERREG Atlantic Area; FCT grant number PD/BD/52405/2013 and 2008-1/005). Some of the EAN 943 

common gardens were then supported by European funding (LIFE IP CLIMAZ), national funding 944 

(Forestry Commission of the United Kingdom) or regional funding (Nouvelle Aquitaine region [France], 945 

Euskadi region [Spain], Sustainable Forest Management Research Institute [iuFOR; Spain]). The TDN 946 

common gardens were installed and monitored owed to the financial support different national agencies: 947 

the German Research Foundation (grants Ei 862/29-1, Ei 862/31-1, project n°439223434) and the 948 

German Centre for Integrative Biodiversity Research (iDiv; grants DFG – FZT 118, 202548816); the 949 

USA National Science Foundations (grants DEB-1234162, DEB-1831944, DEB-2106014, DEB-950 

2044406); the USA NSERC-Discovery (grant RGPIN-2018-05201); the Walloon Forest Service of 951 

Belgium. Other common gardens were supported by different funding (e.g. the SoilSolution project 952 

[grant 41007-00210400; Finland], the Dept. of Geosciences and Natural Resource Management, 953 

University of Copenhagen [Denmark]). This study was funded by the CARTON project (grant ANR-954 

19-CE32-0006), supported by the French Agence Nationale de la Recherche (ANR). 955 

We are grateful to the colleagues who contributed to the installation of some of the common gardens 956 

used in our study: M.H. Almeida, M. Ferreira, S. Jorge, A. Nordin, and P. Pastuszka. We are thankful 957 

to the numerous colleagues without whom it would have been impossible to install and maintain 958 

common gardens, and acquire data in the field, in particular: M. Belluau, S. Benham, O. Bouchez, V. 959 

Bouttier, T. Bouvet, M. Bustos, C. Chesseron, N. Cheval, R. Deblir, J.L. Denou, E. Diz, C. Garbe, C. 960 

Gire, J. Haase, K. Hahner, B. Issenhuth, B. James, F. Khalfallah, A. Kokko, B. Laffitte, J. Lakey, N. 961 

Laurent, D. Lesieur, P. Lhoir, F. Lyrou, D. Mackensen, T. Maxwell, M. El-Mazlouzi, M. Mörsdorf, S. 962 

Müller, C. Nock, M. Oram, A. Pazos, M. Pietrzak, F. Plume, O. Power, J. Pullen, A. Quinteiros, J. 963 

Quosh, A. Reichard, L. Richardson, S. Thunot, S.R. Tziaferidis, J. Urgoiti, G. Xanthopoulos, and the 964 

complete CNPF staff. Our gratitude also goes to the following colleagues, for their help during the 965 

measurement campaigns of functional traits: M. Aimaiti, A. Bosc, R. Burlett, N. Devert, J.C. Domec, 966 

T. Guzman, L. Jordan-Meille, F. Lagane, C. Lambrot, A. Loches, S. Milin, and L. Wingate. Finally, we 967 

thank for their help during data handling, data analyses, and preparation of the manuscript: G. Augusto-968 

Sciama, N. Fanin, R. Lemaire-Patin, C. Nguyen, A. Nys, E. Paturle, and B. Ringeval. 969 

 970 



30 
 

 971 

AUTHOR CONTRIBUTIONS 972 

L.A. initiated the study, and L.A. & M.C. designed it. L.A., M.C. and L.B. collected and curated data, 973 

with a particular support from R.B, C.O. and N.GB.  (EAN data), and A.B. (SBD data). Trait data were 974 

collected and consolidated by L.A., R.B., M.C. and MR.B. N.G-B. and A.A-G. provided soil data from 975 

the EAN. All other authors provided data about tree growth from their respective common gardens. 976 

L.A., M.C. and R.B. analysed data and interpreted results. L.A. wrote the first version of the manuscript, 977 

with the contribution of M.C. and R.B. Then L.A. revised the successive following versions of the 978 

manuscript with the contributions of all authors. 979 

 980 

 981 

COMPETING INTERESTS 982 

R.B. is employed by a company that works together with landowners to implement projects of 983 

reforestation or afforestation worldwide. F.J.S-P. and M.J.R-L. occasionally advise foresters or 984 

landowners. All other authors declare that they have no competing interests. 985 

 986 

 987 

ADDITIONAL INFORMATION 988 

Correspondence and requests for materials should be addressed to Laurent Augusto and Marie Charru. 989 

 990 

 991 


