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Environmental versus phylogenetic controls
on leaf nitrogen and phosphorous
concentrations in vascular plants

Di Tian 1,2,3 , Zhengbing Yan4, Bernhard Schmid 5,6, Jens Kattge 7,8,
Jingyun Fang6 & Benjamin D. Stocker2,3,9,10

Global patterns of leaf nitrogen (N) and phosphorus (P) stoichiometry have
been interpreted as reflecting phenotypic plasticity in response to the envir-
onment, or as an overriding effect of the distribution of species growing in their
biogeochemical niches. Here, we balance these contrasting views.We compile a
global dataset of 36,413 paired observations of leaf N and P concentrations,
taxonomy and 45 environmental covariates, covering 7,549 sites and
3,700 species, to investigate how species identity and environmental variables
control variations in mass-based leaf N and P concentrations, and the N:P ratio.
We find within-species variation contributes around half of the total variation,
with 29%, 31%, and 22% of leaf N, P, and N:P variation, respectively, explained by
environmental variables. Within-species plasticity along environmental gra-
dients varies across species and is highest for leaf N:P and lowest for leaf N. We
identified effects of environmental variables on within-species variation using
random forest models, whereas effects were largely missed by widely used
linearmixed-effectmodels.Our analysis demonstrates a substantial influenceof
the environment in driving plastic responses of leaf N, P, andN:Pwithin species,
which challenges reports of a fixed biogeochemical niche and the overriding
importance of species distributions in shaping global patterns of leaf N and P.

As fundamental elements for vascular plants onEarth, nitrogen (N) and
phosphorus (P) are important in controlling photosynthesis, growth,
and ecological functions of plants1–4. The relationship between leaf N
and P concentrations is a key plant characteristic reflecting leaf
economics5–7 and has been used to interpret ecosystem nutrient
limitation8–11, carbon (C)- and N-cycle interactions under global
change12–14, or to linkmacroecology and biogeographywith trait-based
functional ecology15–17. Understanding the variation in leaf N and P

stoichiometric patterns and their underlying controls is therefore
crucial for predicting responses of terrestrial ecology and biogeo-
chemical cycles to environmental change.

Variations in leaf N and P stoichiometry along geographic gra-
dients are pervasive18–28. For example, leaf N and P concentrations
generally increase, but N:P ratios decrease from the equator to the
cooler and drier mid-latitudes22. Such patterns have been interpreted
in the light of different hypotheses regarding dominant controls.
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Previous hypotheses have emphasized either the continental-scale
variations of soil age and fertility29; the interactive effects of leaf N and
temperature onbiochemical reactions, includingphotosynthesis30; the
effect of soil temperatures and chemistry on nutrient mineralization
and availability to plants22; or the role of species distribution21 in
shaping global patterns of leaf N, P and N:P. Overall, these contrasting
viewpoints provide contentious interpretations for global leaf N and P
stoichiometry variation and take conflicting viewpoints regarding the
importance of phylogenetic vs environmental factors in shaping these
stoichiometric patterns.

Recently, studies21,31 found anoverriding effect of phylogeny and a
vanishingly small influence of environmental variables on leaf nutrient
concentrations based on linear mixed-effect models. Results were
interpreted to support the importance of species distribution in
shaping global-scale leaf nutrient patterns and the so-called “Biogeo-
chemical Niche Hypothesis”21. This hypothesis posits that each species
is characterized by a fixed leaf stoichiometry (low within-species
variability) that matches environmental constraints and that geo-
graphical patterns in leaf nutrient distributions arise through envir-
onmentalfiltering of species occurrences. However, this interpretation
of an overwhelming phylogenetic control on leaf N and P stoichio-
metry contrasts with previously documented influences of climatic
and edaphic variables on leaf N and P stoichiometry7,19,32.

The conflicting attributions of observed variation in leaf N and P
stoichiometry to phylogenetic vs environmental variables are related
to an inherent methodological challenge. The separation of these
variables is usually undermined by their lack of independence. The
distribution of plant species is largely driven by the abiotic
environment33,34. Yet, species do occur over a certain range of envir-
onmental conditions. To what extent the environment drives pheno-
typic plasticity or genetic adaptation in leaf N and P stoichiometry also
within species remains challenging to detect but is informative for
testing the Biogeochemical Niche Hypothesis. Linear mixed-effect
models (LMMs) have been widely employed for separating phyloge-
netic and environmental effects on leaf traits21,35, motivated by their
suitability to model structured data and their ability to control for
phylogenetic effects and species identity as random terms, implicitly
assuming that they are unrelated to the environment and given pre-
cedence over the latter in model fitting. More recently, tree-based
statistical learning methods, for example, random forest models (RF),
have been shown to be suitable for modeling leaf N and P36,37. These
models, too, provide a natural way to simultaneously account for
environmental (continuous) and phylogenetic (categorical) informa-
tion. However, the implications of methodological choices for separ-
ating environmental vs phylogenetic variables so far have not been
explicitly considered.

In view of these conflicting reports and methodological chal-
lenges, the question arises to what extent large-scale leaf N and P
stoichiometric patterns are a reflection of different species (with their
relatively fixed leaf nutrient stoichiometry) occurring at different sites
along environmental gradients, and to what extent plasticity and
genetic adaptation, driven by the environment, drive variation within
species and contribute to large-scale patterns of leaf nutrient stoi-
chiometry (Fig. 1).

To address this question, we compiled a global dataset of 36,413
paired leafN andP concentrations per unit leafmass of vascular plants,
complemented by a comprehensive set of climatic, edaphic, and other
environmental variables extracted from global datasets. Using these
data, we first compared the power of linear regression models (LMs),
LMMs, and RFmodels in explaining different components of variation
in the data (variation across sites, within species, and across species).
To enable comparability and facilitate the interpretation of our results
in the context of the published literature, we specified LMMs to reflect
the methodological choices of previous studies21,31. Then, we per-
formed a trait gradient analysis (TGA)38–40 to address the second
question: does spatial variation in leaf N and P stoichiometry arise
predominantly from species distribution and their respective stoi-
chiometry (biogeochemical niche), or is there substantial within-
species variation? We tested whether, according to the Biogeochem-
ical Niche Hypothesis21, the slopes of species-level trait gradient
regressions were flat, as shown in Fig. 1. Alternatively, stoichiometric
plasticity will yield positive slopes in the TGA. Perfect stoichiometric
plasticity is indicated by slopes distributed around 1.

Our results show that variationswithin species are similarly strong
as variations between species and that they are clearly influenced by
the environment. These findings fill the gap of distinguishing and
quantifying the role of species identity vs environmental controls on
leaf nutrient stoichiometry and indicate that the previous Biogeo-
chemicalNicheHypothesis, with its interpretation of anoverriding and
almost exclusive effect of phylogeny on leaf N, P, and N:P, should be
revised.

Results
Variable selection and effects
We started by identifying the most important environmental variables
for explaining variation in leaf N, P, and N:P. Reduced predictor sets,
specific for leafN, P, andN:P, respectively, enabled an improvedmodel
performance compared with models that included all 45 predictors
(Fig. 2a–c) and were used for all subsequent analyses. In LMMmodels
(Fig. 2d–f), N-deposition (ndep) had the strongest effect on leaf N and
leaf N:P variation within species (both positive). The temperature of
the coldest month (tmonthmin) had the strongest effect on leaf P

Fig. 1 | Two hypotheses of leaf N and P stoichiometry variations expressed in a
trait gradient analysis. a, b Indicate the Biogeochemical Niche Hypothesis and
Stoichiometric plasticity, respectively. Each colored line represents species-specific

linear regressions of a species’ leaf N (P or N:P) vs the mean leaf N (P or N:P) across
all species occurring at the respective site.
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(negative). Atmospheric CO2 concentrations (co2), ndep, and
tmonthmin were among the most important predictors for leaf N, P,
and N:P. Soil variables were only selected among the most important
variables for leaf N (aluminum saturation of the soil solution, ALSA)
and for leaf P (soil texture, measured by the water holding capacity
class, AWC_CLASS).

Contrasting model performances
The random forest (RF) models, fitted to site-level aggregated data
(mean across all observations by site), with the selected subset of
environmental variables as predictors, achieved an R2 of 0.46, 0.34,
and 0.34 for leaf N, P, and N:P, respectively, in contrast to an R2 of 0.17,
0.19, and 0.19 in LMs (Fig. 3a, d, g).R2

marg, measuring the proportion of
variation explained by fixed (environmental) variables in LMMs, fitted
to the full data, was only 0.04, 0.05, and 0.09 for leaf N, P, and N:P,
respectively. In contrast, the proportions of variation explained by
species identity were 0.68, 0.63, and 0.44 (intraclass correlation
coefficient, ICC), respectively, for leaf N, P, and N:P ratio (Fig. 3c, f, i).
When RF models were fitted to the full data, environmental variables
explained a larger proportion of the variation than they did in LMMs,
namely 0.13, 0.26, and 0.16 vs 0.04, 0.05, and 0.09, respectively. A
similar contrast in the predictive power of environmental variables in
RF and LMs is seen with models fitted to the modified data that con-
tained only within-species variation (Fig. 3b, e, h). Here, RF models
achieved an R2 of 0.29, 0.31, and 0.22 for leaf N, P, and N:P, while LMs
achieved an R2 of 0.01, 0.03, and 0.07, respectively.

The power of environmental variables vs species identity in LMMs
is subject to methodological aspects of the model-fitting procedure.
By design, random factors are fitted with priority and “absorb”
potentially shared effects with environmental variables. This is

reflected also when comparing LMMs with LMs that are specified with
distinct orders of the predictors (Supplementary Table 3). Subject to
that order, species identity, and environmental variables contribute
different sums of squares in LMs (Supplementary Table 3). Based on
LMs, the shared effect of species identity and sites was dominant for
leaf N, P, and N:P, explaining more than double of the variance
explained by their separate effects (Supplementary Fig. 1).

Trait gradient analysis
The trait gradient analysis showed patterns similar to RF for leaf N, P,
and N:P (Fig. 4). For most species, there was considerable variation of
leaf N, P, and N:P within species across sites and this variation paral-
leled the variation in mean leaf N, P, and N:P of multiple species
recorded at respective sites. Themost frequent slope, i.e., themode of
the density distribution of slopes (Fig. 4d), is at 0.98 for leafN, 0.80 for
leaf P, and 1.01 for leaf N:P. A peak of the distribution of slope values
close to unity indicates predominant plasticity or within-species
genetic variation (henceforth referred to as ‘intra-specific variation’)
of the respective trait along environmental gradients.However, for leaf
N, a substantial number of species exhibited intra-specific variation
with slopes <0.5. For leaf P, the most common degree of intra-specific
variation appears somewhat smaller than themost common degree of
intra-specific variation in leaf N and N:P. For leaf N, the distribution of
slopes appears to be broader than for leaf P and N:P.

Ranges of site-level mean leaf N, P, and N:P, normalized by their
respective overall mean, along which species occurred, tended to be
the smallest for leaf N:P (median: 0.27), followed by leaf P (median:
0.31), and the largest for leaf N (median: 0.36, Fig. 4e). We found no
correlation between normalized ranges and slopes, neither for N, nor
for P, and no correlation between slopes for N and slopes for P (not
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Fig. 2 | Variable selection and effects. a–c Variable selection order determined by
recursive feature elimination based on Random Forest and 5-fold cross-validation
for leaf N (a), P (b), and N:P (c). The last (and most important) variable to be
removed in the recursive feature elimination is plotted at the bottom. The R2

indicated by the bar at the bottom of panels a–c is for models with a single pre-
dictor (‘ndep’ for leaf N and P, and ‘co2’ for leaf N:P). The R2 indicated by the next
bar above is for a model with one additional predictor, as indicated by the label
along the y-axis. The final selection of variables is indicated by the green bars.
Brown bars indicate additional, next most important predictors, but not used for
subsequent analyses. d–f Effect magnitudes of the selected variables, measured by
the coefficients of normalized fixed effects in LMMs. Only variables for which the t-

value in the respective LMM was significant at the 1%-level are shown. ‘ndep’ is
nitrogen deposition, ‘tmonthmin’ is the mean temperature of the coldest month,
‘ALSA’ is the aluminum saturation of the soil solution, ‘co2’ is the atmospheric CO2

concentration of the respectivemeasurement year, ‘elv’ is elevation above sea level,
‘mav’ is the mean daytime vapor pressure deficit, ‘gs_accl’ is the predicted optimal
stomatal conductance, ‘ai’ is the aridity index, ‘pmonthmin’ is the precipitation of
the driestmonth, ‘AWC_CLASS’ is the availablewater storage capacity class, ‘mapgs’
is the mean growing season-total precipitation, ‘map’ is the mean annual pre-
cipitation. The remaining variable names are explained in Supplementary
Tables 1–2. Source data are provided as a Source Data file.
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shown). However, ranges in N and in P were positively correlated
(Pearson’s r = 0.54, Supplementary Fig. 3).

We found clear differences in the degree of intra-specific variation
across species (Fig. 4f, g). For example, Pinus sylvestris and Quercus
petraea appear to have relatively static leaf N, P, and N:P. In contrast,
Betula pendula and Picea abies appear to be plastic (or exhibit intra-
specific genetic variation) in leaf N, P, and N:P. Other species differ in
their intra-specific variation between leaf N and leaf P. For example, P.
sitchensis and Q. ilex have plastic (or genetically variable) leaf N,
but relatively static leaf P. A substantial portion of species is “super-
plastic”, with slopes >1. This may reflect a strategy to overexpress a
response to the environment through enhanced sensitivity to envir-
onmental variations thanwhatwould be expected frompatterns in the
site-level mean data.

Other metrics of the importance of species identity
As indicated by the species variation decomposition, roughly half of
the variations in leaf N and P arose within species, while the remainder

was linked to variations across species (Fig. 4f). Among the three traits
investigated, leaf N appeared to be most strongly linked to species
identity, whereby interspecific variations explained 60% of overall
variations (R2

across = 0.60),while40%of variations arosewithin species.
The importance of species identity was weaker for leaf P
(R2

across = 0.53) and leaf N:P (R2
across = 0.42).

Discussion
We compiled a large dataset of leaf N, P, and N:P, paired with envir-
onmental covariates, and demonstrated that contrasting interpreta-
tions regarding the influence of environmental variables in driving leaf
nutrient concentrations7,19,21,22,24,31,32,41 reflect the particular structure in
the data and methodological choices. The Biogeochemical Niche
Hypothesis explains only half of the observed variations in leaf N, P,
and N:P. Variations within species between sites are similarly strong as
variations across species (Fig. 4f) and are strongly influenced by
environmental variables. While certain statistical models succeeded at
identifying them (e.g., RF), others did not (e.g., LMMs).
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Fig. 3 | Variations in leaf N, P, and N:P explained by species identity and
environmental factors in random forest (RF), linear regression (LM), and linear
mixed effectmodels (LMM). a, d, g Proportion of variation in the data aggregated
to the site-level explained by least squares regression models (LM) and RF.
b, e, h Proportion of within-species variations explained by LM and RF models.
c, f, iProportion of variation in the full data explainedby linearmixed-effectmodels

(LMM) and RFmodels. The brown bars are determined as the intraclass correlation
coefficient (ICC) from LMMs and as the cross-validation R2 from RF models that
contain only species identity, family, and genus information as predictors, but no
environmental variables. The green bars on top of the brown bars represent the
difference to the full models, where environmental variables and species identity
were used as predictors. Source data are provided as a Source Data file.

Article https://doi.org/10.1038/s41467-024-49665-4

Nature Communications |         (2024) 15:5346 4



The influence of the environment as a driver of leaf N, P, andN:P is
demonstrated by three results presented here. First, environmental
variables explain 30–45% of variations in community-weighted means
across sites (Fig. 3a, d, g). This reflects the environmental filtering of
species occurrences across environmental gradients. Second, besides
species distributions, the environment influences leaf N, P, and N:P
directly, driving variation within species. RF explained around 20–30%
of this variation, as shown in Fig. 3b, e, h. Third, a large proportion of
species expressed strong plasticity in leaf N, P, and N:P, whereby

within-species variation paralleled across-site variation. This was
expressed by the slope of species-specific regression lines in the trait
gradient analysis (Fig. 4d).

Species occur over a substantial range of conditions, encom-
passing on average (median) 27–36% of the total range of site-mean
leaf N, P, and N:P. Nevertheless, since species occurrence does not
cover the full range of site-mean gradients, within-species plasticity
explains only about half of the overall variation, suggesting an
important but not overriding contributionof environmentalfiltering in
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driving global leaf stoichiometry patterns. Nevertheless, it should be
noted that through filtering species occurrence, the environment also
drives variations of leaf N and P stoichiometry indirectly, i.e., among
species. This effect plays out over time scales of species replacement
(decades to centuries) and species evolution (centuries to
millennia)42,43, while intra-specific variation may be triggered by accli-
mation processes at time scales of weeks to years44,45.

Taken together, these results suggest that the Biogeochemical
Niche Hypothesis, according to which species with their distinct leaf
stoichiometry occupy a narrow biogeochemical niche defined by the
environment, falls short of explaining the “other half” of observed
variation—the one arising from plastic responses of leaf N and P con-
centrations to the environment.

Our results here indicated that methodological choices and data
structure lead to contrasting interpretations. Variation in leaf nutrient
concentrations along large biogeographical gradients are well estab-
lished and have been variably explained16,19,22,46–51. Empirical models of
relationships between leaf nutrient concentrations and environmental
variables explained 26%, 46%, and 55% in ref. 7, or 13%, 23%, and 19% in
ref. 23 for leaf N, P, and N:P ratios, respectively — comparable to our
results (46%, 34%, and 34%, respectively, for leaf N, P, and N:P by RF
models). Among the strongest effects identified here was a positive
effect of N-deposition on leaf N (consistent with refs. 51–55.) and N:P
(consistentwith refs. 10,56–58), a negative effect of temperatureof the
coldest month on leaf P, and a positive effect of the same on leaf N:P
(consistent with refs. 22,26,59.). These apparently robust
traits–environment relationships have given rise to spatial
upscaling31,60, mapping leaf traits with global coverage.

However, most global analyses reporting significant effects of
environmental variables relied on aggregated data—either data
aggregated to the site-level19,23,47 or to biomes or ecoregions7,46, or they
relied on fitting separatemodels for a set of plant functional types and
biomes31. This reduces the role of variability that arises across species
and that remains unexplained by models of environmental controls.
Indeed, Sardans et al. 21 reported negligible effects of environmental
variables after the influenceof species identity was removed. Although
their findings do not necessarily undermine the validity of
environment-basedmodels formodeling spatial patterns of leaf traits,
they do suggest that apparent large-scale trait–environment relation-
ships arise almost exclusively as a reflection of environmental filtering
and competitive selection of species with distinct leaf nutrient con-
centrations occupying their respective “biogeochemical niche”21,51.

Our results suggest that this interpretation should be revised. The
very small explanatory power of environmental variables reported in
previous publications is linked to the limited capability of models
(LMMs used in refs. 19,23,32,61) in fitting complex patterns in the data.
There is a methodological challenge in attributing effects to environ-
ment vs species identity, arising from the fact that the two are corre-
lated. The large shared effect between environment and species
identity (Supplementary Fig. 1) cannot be decomposedwithout relying
on targeted experimental designs and their interactions and non-
linearities are not considered in published LMM-based analyses19,21.
Our LMM model specification imitated their methodological choices.
By design, in their LMMs the shared effect gets attributed to species
identity if used as random-effects term, rather than to environmental
variables used as fixed-effect terms in LMMs. Our exploration of
alternative model formulations (Supplementary Table 3 & Fig. 1)
demonstrates this and suggests that the interpretation of an over-
riding effect by species identity and a vanishingly small influence of
environmental variables should be considered with caution and in the
light of methodological limitations in separating respective effects.
Random forest models learn interactive and non-linear effects of
multiple environmental variables more effectively, detect
trait–environment relationships beyond those arising from species
composition (Fig. 3b, e, h), and yield superior results compared with

linear regression models in out-of-sample evaluations when fitted to
leaf N and P data at hand (Fig. 3a, d, g). However, fitted model coeffi-
cients of RF are not always directly interpretable — in contrast to
coefficients of LMMs. It has been argued before that “to the extent that
the occurrence of species and environmental variation among sites are
correlated, the two causes cannot be separated”62. We found here that,
to the extent that within-species variations remain and reflect the
influence of environmental variables, suitable statistical models may
learn them.

Nevertheless, despite the large data volume and the extensive set
of environmental covariates considered, less than half of the variation
in the aggregated data can be explained even by the best models
identified here and in previous studies7,31. This reflects a known chal-
lenge and has been interpreted as an expression of alternative leaf
nutrient concentrations being maintained by different species for the
same environmental conditions — potentially a consequence of equi-
finality of alternative functional trait combinations for competitive
fitness43,63.

In addition, limitations in the data are inevitable. Global datasets
used for creating the predictors here and in previous studies (e.g.,
refs. 15,31,32) rely on limited information and assumptions for spatial
upscaling. Data quality is limited also by the accuracy of the geoloca-
tion of individual records and by the fact that small-scale hetero-
geneity in the environment influences plant growthbut is not captured
by global datasets. In particular, soil maps are often unreliable at small
scales and the influences of edaphic variables are complex32,64. When
used formodeling in combinationwith climatic variables, the latter are
often ascribed higher importance due to the limited reliability of glo-
bal soil maps in capturing small-scale variations in soil quality32 and to
the inherent correlation between climate as a soil-forming variable and
mapped soil types in global datasets. This likely also contributed to the
results obtained here, where only one or no soil-related variable was
selected for final models (Fig. 2a–f), while N-deposition and climatic
variables consistently scored among the most influential variables.
Notwithstanding the heterogeneity of the environment and the prac-
tically unavoidable data-quality limitations, other global trait varia-
tions have been predicted from the environment with more precision
(e.g., photosynthesis traits in ref. 65, or area-based leaf nutrient con-
centrations in ref. 15). This suggests that fitness equifinality of func-
tional traits and/or uncertain soil variables are particularly influential
for mass-based leaf nutrient concentrations.

Knowledge about the role of environment vs phylogeny in con-
trolling within- vs across-species variation in leaf nutrient concentra-
tions is essential for predicting the impacts of global environmental
change, simulating a temporal change in functional traits and leaf
nutrient concentrations in terrestrial biosphere models, and the
applicability of eco-evolutionary optimality-model concepts for leaf
nutrient concentrations66. The treatment of stoichiometric flexibility is
a key source of uncertainty in vegetation model predictions of
responses to altered CO2 and ecosystem nutrient inputs67,68. Rates of
change in ecosystem-level trait averages are governed either by spe-
cies turnover on a time scale of decades to centuries, or by acclimation
of plant physiology within individuals to a changing environment on a
time scale of weeks to years69.

Leaf nutrient concentrations have been shown to respond at
relatively short time scales within species exposed to experimental
manipulation of the growth environment over a few years55,70–72. This is
consistent with the considerable within-species variation found here
and suggests that acclimation of leaf stoichiometry to decadal-scale
climate change is an important response of plants thatmodifies global
biogeochemical cycling, affects nutrient balances and limitations, and
should be captured by mechanistic models in Earth system-change
simulations.

A limitation of our study is thatwithin-species variationsmay arise
either from a plastic phenotypic response or from genetic
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differentiation amongdisparate communities of the same species. This
distinction is important for temporalmodeling for the same reasons as
described above, but the two processes cannot be discerned with the
data used here. Nevertheless, results from ecosystem manipulation
experiments suggest that phenotypic plasticity (or rapid evolution
based on standing genetic variation within populations) is influential
and that acclimation within individual plants plays an important role
under global environmental change73–77.

Global mean atmospheric CO2 was among the most important
selected variables for all three target variables and the single most
important predictor for leaf N:P. The direction of the effect on leaf N
identified here (decline with increasing CO2) is consistent with obser-
vations from Free Air CO2 Enrichment (FACE) experiments70,78–80 and
with the mechanistic understanding of the influence of CO2 on N
demand81. However, sincewe did not consider time or calendar year as
a separate predictor, CO2may act in its role. Nevertheless, its influence
in models lends further support for considerable plasticity in leaf
nutrient concentrations over time, acclimating to temporal change in
environmental conditions.

In conclusion, basedon themost comprehensive global dataset of
leaf N, P, N:P, and environmental covariates so far, our research pro-
vides a balanced assessment of the effects of environmental and
phylogenetic controls on leaf N and P concentrations of terrestrial
plants using novel methods of machine learning. The role of the
environment in both filtering species and influencing traits within
species, combined with the widespread use of linear mixed effects
models with limited function of distinguishing statistical indepen-
dence of phylogeny and environmental effects, predisposed published
analyses to miss strong effects of environmental variables. We show
that variationswithin species are similarly strong as variations between
species and are clearly influenced by the environment. This indicates
that the global pattern of leaf N and P stoichiometry is not merely
driven by the distribution of plant species with their characteristic and
fixed foliar N and P concentrations, but also reflects phenotypic plas-
ticity or genetic adaptation to the growth environment. The finding of
a clear environment-driven within-species variation is relevant for
informing global vegetation models and their treatment of stoichio-
metric flexibility — a key source of uncertainty in their prediction of
responses to a future environment. Our results suggest that current
and future global environmental change can shift plant nutrient
demand and ecosystem nutrient balances through the influence of a
changing climate, CO2, and N-deposition on leaf N, P, and N:P– even
before leaf stoichiometry changes as a consequence of changing
species compositions. This insight should be considered when pre-
dicting vegetation responses and the feedback between terrestrial
biogeochemistry and global environmental change in Earth System
Models.

Methods
Leaf N and P data
The dataset used here is extended from Tian D et al. 82 — a compilation
of matched leaf N and leaf P concentrations (both in units of mg g−1

based on dry leaf biomass) and mass-based leaf N:P measurements
from the literature and large-scale field investigations in
China18,46,47,83,84, respectively, from the TRY Plant Trait Database85, and
from the International Co-operative Programme on Assessment and
Monitoring of Air Pollution Effects on Forests, ICP Forests21,86. N:P
values higher than 70 g N (g P)−1 (0.04% of the data) were removed
from the dataset. All sites had only one sampling date. In total, the
dataset contains 36,413 individual records, collected from 7549 dis-
tinct sites and 3625 distinct species in 1383 genera and 203 families.
Sites cover a wide climatic gradient and all major biomes (Supple-
mentary Fig. 2). Species names are homogenized following Flora of
China (http://frps.eflora.cn/), Useful Tropical Plants (http://tropical.
theferns.info/), Australian Native Plants (https://www.anbg.gov.au/

index.html), Angiosperm Phylogeny Website (http://www.mobot.org/
MOBOT/research/APweb/)87, and The Plant List (www.theplantlist.org;
accessed March 2021).

Environmental data
All plots from which data were obtained were georeferenced
(WGS84 standard). Using information on longitude, latitude, and ele-
vation, we complemented our dataset by extracting data for a set of
environmental variables from maps with global coverage. The geo-
graphical position of sites was verified and improved using original
publications and Google Earth (https://earth.google.com/web/). To
complement missing records of elevation, we extracted information
for respective site locations from ETOPO188. All data extraction was
done using the ingest R package89. In total, we used 45 environmental
variables, representing climatic, edaphic (soil-related), and other
environmental variables (Supplementary Tables 1–2).

We computed 12 climatic variables (Supplementary Table 1) based
on WATCH-WFDEI climate data90, covering the years from 1979 to
2012, and down-scaled these climatic variables based on high-
resolution WorldClim climatology91. In our dataset, sampling dates of
leaf N and P spanned from 1935 to 2015. We used climatic time series
here to account for long-term changes in climate in combination with
known leaf N and P sampling dates. For sampling dates before 1979, we
considered the mean climate for 1979–1988. Additionally, the annual
mean ratio of actual over potential evapotranspiration (alpha), mean
annual total evapotranspiration (AET), and the aridity index of annual
mean precipitation over potential evapotranspiration (AI) were esti-
mated using the SPLASH land water balance model and potential
evapotranspiration based on the Priestly-Taylor Equation92. We addi-
tionally included model-based estimates of the maximum rate of car-
boxylation normalized to 25 °C (Vcmax25), the electron transport for
ribulose-1,5-bisphosphate (RuBP) regeneration (Jmax25), and amulti-day
average stomatal conductance (gs). These were obtained from point-
scale simulations of the P-model93, using its implementation in the
rsofun R package94, predicting leaf-level acclimation of photosynthetic
traits (Vcmax25, Jmax25, gs) based on optimizing the trade-off between
carbon gain and water loss95. Due to the intrinsic96 and widely
observed97 link betweenVcmax25, Rubisco, and leafN andP contents,we
used these estimates here as predictors for leaf N, P, and N:P, thus
attempting to account for simultaneous effects of multiple climatic
variables (air temperature, VPD, elevation, irradiance, CO2) on leaf
nutrient stoichiometry. As an alternative aridity-related predictor, we
included an estimate of the 80-yearmaximumcumulativewater deficit
(CWDX80) from ref. 98. In total, we used 19 climate-related variables
(Supplementary Table 1).

Soil properties related to texture and fertility were extracted from
different digital global soil maps. Specifically, several properties related
to soil structure, texture, and ion exchange capacity, as listed in Sup-
plementary Table 2, were extracted from the Harmonized World Soil
Database v 1.2 (HWSD, https://www.fao.org/soils-portal/soil-survey/soil-
maps-and-databases/harmonized-world-soil-database-v12/)99. Alumi-
num saturation (ALSA), organic carbon content (ORGC), total nitrogen
content (TOTN), and soil C:N ratios were extracted from the harmo-
nized dataset of derived soil properties for the world (WISE30sec,
https://data.isric.org)100. Soil phosphorus concentration using the Bray
method (PBR), total phosphorus concentration (TP), and potassium
(TK) concentration were extracted from The Global Soil Dataset for
Earth System Modeling (GSDE, http://globalchange.bnu.edu.cn/
research)101. To keep the soil properties comparable, the standard for
soil layers was set around 30 cm (i.e., 0–30 cm for HWSD, 0–40 cm for
WISE30sec, and 0–28.9 cm for GSDE).

Using information on site-specific sampling dates, we com-
plemented the dataset with atmospheric CO2 measurements from
Mauna Loa Observatory102, averaged over respective years, uniformly
for all sites (assuming globally well-mixed concentrations). Also using
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informationof samplingdates, estimates of dry andmoist atmospheric
reactive N-deposition were extracted from outputs of global simula-
tions of atmospheric chemistry over the historical period by ref. 103.
Attempting to account for the small-scale redistribution of soil nutri-
ents along the hillslope and local climatic effects mediated by the
landscape position of the measurement plot, we included the Com-
pound Topography Index (CTI)104 as an additional predictor.

Statistical models
We started our analyses by selecting a subset of the most important
predictors for leaf N and P concentrations and leaf N:P using a recur-
sive feature elimination. Relying on a limited set of predictors reduces
collinearity among them and the potential for overfitting in sub-
sequent model-based analyses. Starting from models that included all
45 available predictors, we iteratively removed the single predictor
that led to the smallest decrease in the R2 of observed versus modeled
values, determined fromafive-fold cross-validation.We retained afinal
set of predictors considering the R2 determined on a five-fold cross-
validation. The feature elimination was based on random forest (RF)
models and was performed on data aggregated to site-level commu-
nity-weighted mean leaf N and P concentrations, and leaf N:P. The
algorithm’s hyperparametermtry, specifying the number of predictors
considered at each split in individual decision trees, was set to
mtry = (K–1)/3, whereK is the total number of predictors retained at the
respective step of the feature elimination. The minimum node size
(min.node.size, controlling the depth of decision trees) was set to 5 at
all steps of the feature elimination and was chosen based on a prior
hyperparameter search considering the root mean square error
determined from a five-fold cross-validation. RF models were fitted
using the ranger105 and caret106 libraries in R.

With the selected subset of predictors for each of the three target
variables, we then performed a model-fitting comparison to cross-
compare different modeling approaches (linear mixed models, LMM,
and linear regression models, LM, vs RF) and the role of data aggrega-
tion. Models were fitted with the subset of selected predictors (i) to the
full, species-level data, (ii) to data aggregated to the site-level con-
sidering community-weighted means of all variables, and (iii) to mod-
ified data that contained only within-species variations. For the latter,
wemodified leaf N and P concentrations, and N:P values by subtracting
species-mean leaf N, P, and N:P values from all values of the respective
species and considered these modified values as targets for modeling.

RF models were fitted to all three types of data. For RF models
fitted to the full data (i), information about species, genus, and family
identity was one-hot encoded. Hyperparameters min.node.size and
mtrywere tuned for eachmodel separately, considering themean root
mean square error determined across five cross-validation folds.
Reported R2 values were quantified as the mean across five cross-
validation folds. We quantified the proportion of variation in the full
data explained by environmental variables alone by taking the differ-
ence between RF models fitted with environmental variables and
species, genus, and family identity as predictors, and RF models with
only species, genus, and family identity as predictors.

LMMswerefitted to the full datawith the subset of environmental
predictor variables as fixed effects, considering species identity as a
grouping variable for random intercepts, and using the nlme library107

in R. Before fitting LMMs, data were Yeo-Johnson-transformed. Parti-
tioning of the variation explained by environmental variables (fixed
variables) vs species identity (grouping factor for random offsets) was
done using the R package performance108. We quantified the marginal
R2 (R2

marg) to estimate the proportion of variation explained by the
fixed effects — representing environmental variables. The intraclass
correlation coefficient (ICC) was calculated to quantify the proportion
of variation explained by species identity. For data aggregated to the
site-level and the modified data that contained only within-species
variation, we fitted linear regression (ordinary least squares) models

(LM), using the same subset of selected predictors. Note that LMswere
fitted to those data because across-species variations, accounted for
by random factors in LMMs, are removed by design at the site-level
aggregated data and in the modified data that contains only within-
species variations.

We additionally performed an analysis of variance (ANOVA) of
species identity and environmental variables, investigating its depen-
dency on including species as a random factor in LMMs and on the
order of specifying species as a “fixed” factor in LMs. This was done by
comparing ANOVA tables resulting from fitting species identity as
fixed effect before or after environmental variables, using the lm
function in base-R. Additionally, we separated individual and shared
effects of site and species based on linearmodels where the respective
predictors were fitted in different orders (Supplementary Fig. 1).

Trait gradient analysis
To investigate variations of leaf N and P stoichiometry within vs across
species, a trait gradient analysis was performed, following refs. 38–40.
We fitted ordinary least squares (OLS) regressions to species-specific
relationships between individual, species-level data points of leaf N (P,
N:P) and the site-mean leaf N (P, N:P) of the site belonging to the
respective data record. That is, a data point xij recorded from species i
at site j was regressed against xj, the site-mean leaf N (P, N:P) for site j.
Note that site-mean values are aggregated from data of all species
sampled at the respective site. The regression slope (bi) of the
regression of xij vs xj indicates the degree of intra-specific plasticity
across sites with different environmental conditions, characterized by
the site-level mean leaf N, P, and N:P, respectively40. A regression slope
of zero can be interpreted as a non-plastic behavior (Fig. 1). A regres-
sion slope of one indicates an average and a regression slope >1 an
above-average plastic response of leaf nutrient concentrations and
stoichiometry within a species across sites with different community-
mean concentrations and stoichiometry. We also quantified the
species-specific range along the horizontal axis (Ri), given by values xj.
We defined ranges as the difference between 1% and 99% quantiles to
reduce the influence of outliers. Species-specific range values were
normalized by the overall range of site-level means xj to make ranges
comparable across the three different traits investigated here. Nor-
malized ranges are interpreted here as an indicator of the range of site
conditions under which the respective species occurs. For the TGA, we
considered only data from species that were recorded in at least five
sites and used only data from sites where at least five different species
were sampled. This filtering retained 3385 data points from 372 spe-
cies. For fitting linear regressionmodels, all data were log-transformed
before performing the trait gradient analysis to improve the normality
of the residuals. Normalized ranges were quantified based on the ori-
ginal, not log-transformed data.

We also conducted a “species variation decomposition”, whereby
we quantified and compared the coefficients of determination from
comparing observed (unmodified) leaf N, P, and N:P values with
modified values. Modifications followed two alternative assumptions,
reflecting hypotheses in Fig. 1. The first assumes that variations arise
only across species (no within-species variations), and values xi,k of
species i and observation k are replaced by the respective species’
mean, �xi. The second assumes that variations arise only within species
and each record is “normalized” such that the resulting speciesmean is
equal to the global mean �x.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The records of leaf N and P concentrations in the current dataset were
extended from Tian et al.82 and combined with Sardans et al.21. As an
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update, 45 environmental variables were added to each site in the
dataset. The full dataset, along with code for complementing it with
environmental covariates is published on Zenodo (https://doi.org/10.
5281/zenodo.11071944)109. Source data for published figures are pro-
vided with this paper.

Code availability
Code for the analysis is published on Zenodo (https://doi.org/10.5281/
zenodo.11071816)110.

References
1. Chapin Iii, F. S., Shaver, G. R. & Kedrowski, R. A. Environmental

controls over carbon, nitrogen and phosphorus fractions in Erio-
phorum Vaginatum in Alaskan Tussock Tundra. J. Ecol. 74,
167 (1986).

2. Elser, J. J., Dobberfuhl, D. R., MacKay, N. A. & Schampel, J. H.
Organism size, life history, andN: P stoichiometry toward a unified
view of cellular and ecosystem processes. BioScience 46,
674–684 (1996).

3. Reich, P. B., Hungate, B. A. & Luo, Y. Carbon-nitrogen interactions
in terrestrial ecosystems in response to rising atmospheric carbon
dioxide. Annu. Rev. Ecol. Syst. 37, 611–636 (2006).

4. Ågren, G. I. Stoichiometry and nutrition of plant growth in natural
communities. Annu. Rev. Ecol. Syst. 39, 153–170 (2008).

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

6. Díaz, S. et al. The global spectrum of plant form and function.
Nature 529, 167 (2016).

7. Joswig, J. S. et al. Climatic and soil factors explain the two-
dimensional spectrum of global plant trait variation. Nat. Ecol.
Evol. 6, 36–50 (2022).

8. Koerselman,W. &Meuleman, A. F. The vegetationN: P ratio: a new
tool to detect the nature of nutrient limitation. J. Appl. Ecol. 33,
1441–1450 (1996).

9. Tessier, J. T. & Raynal, D. J. Use of nitrogen to phosphorus ratios in
plant tissue as an indicator of nutrient limitation and nitrogen
saturation. J. Appl. Ecol. 40, 523–534 (2003).

10. Sullivan, B. W. et al. Assessing nutrient limitation in complex
forested ecosystems: alternatives to large-scale fertilization
experiments. Ecology 95, 668–681 (2014).

11. Du, E. et al. Global patterns of terrestrial nitrogen and phosphorus
limitation. Nat. Geosci. 13, 221–226 (2020).

12. Meyerholt, J. & Zaehle, S. The role of stoichiometric flexibility in
modelling forest ecosystem responses to nitrogen fertilization. N.
Phytol. 208, 1042–1055 (2015).

13. Yuan, Z. Y. & Chen, H. Y. H. Decoupling of nitrogen and phos-
phorus in terrestrial plants associated with global changes. Nat.
Clim. Chang. 5, 465–469 (2015).

14. Rowland, L. et al. Plant traits controlling growth change in
response to a drier climate. N. Phytol. 229, 1363–1374 (2021).

15. Dong,N. et al. Leaf nitrogen fromfirst principles:field evidence for
adaptive variation with climate. Biogeosciences 14,
481–495 (2017).

16. He, P. et al. The biogeochemical niche shifts of Pinus sylvestris var.
mongolica along an environmental gradient. Environ. Exp. Bot.
167, 103825 (2019).

17. Berzaghi, F. et al. Towards a new generation of trait-flexible
vegetation models. Trends Ecol. Evol. 35, 191–205 (2020).

18. Han, W., Fang, J., Guo, D. & Zhang, Y. Leaf nitrogen and phos-
phorus stoichiometry across 753 terrestrial plant species in China.
N. Phytol. 168, 377–385 (2005).

19. Zhang, S. B., Zhang, J. L., Slik, J. & Cao, K. F. Leaf element con-
centrations of terrestrial plants across China are influenced by
taxonomy and the environment. Glob. Ecol. Biogeogr. 21,
809–818 (2012).

20. Tian, D. et al. Global leaf nitrogen and phosphorus stoichiometry
and their scaling exponent. Natl Sci. Rev. 5, 738–739 (2018).

21. Sardans, J. et al. Empirical support for the biogeochemical niche
hypothesis in forest trees. Nat. Ecol. Evol. 5, 184–194 (2021).

22. Reich, P. B. & Oleksyn, J. Global patterns of plant leaf N and P in
relation to temperature and latitude. Proc. Natl Acad. Sci. USA 101,
11001–11006 (2004).

23. Dynarski, K. A. et al. Patterns and controls of foliar nutrient stoi-
chiometry and flexibility across United States forests. Ecology 2,
e3909 (2023).

24. Tian, D. et al. Family-level leaf nitrogen and phosphorus stoichio-
metry of global terrestrial plants. Sci. China Life Sci. 62,
1047–1057 (2019a).

25. Kang, H. et al. Variation in leaf nitrogen and phosphorus stoi-
chiometry in Picea abies across Europe: an analysis based on local
observations. Ecol. Manag. 261, 195–202 (2011).

26. Wu, T., Dong, Y., Yu, M., Wang, G. G. & Zeng, D. H. Leaf nitrogen
and phosphorus stoichiometry of Quercus species across China.
Ecol. Manag. 284, 116–123 (2012).

27. Hao, Z., Kuang, Y. & Kang, M. Untangling the influence of phylo-
geny, soil and climate on leaf element concentrations in a biodi-
versity hotspot. Funct. Ecol. 29, 165–176 (2015).

28. Guo, Y. et al. Environmental constraints on the inter-genus varia-
tion in the scaling relationship between leaf nitrogen and phos-
phorus concentrations. J. Plant Ecol. 14, 616–627 (2021).

29. Vitousek, P. M., Turner, D. R. & Kitayama, K. Foliar nutrients during
long-term soil development in Hawaiian montane rain forest.
Ecology 76, 712–720 (1995).

30. Yang, Y. Z. et al. Quantifying leaf trait covariation and its controls
across climates and biomes. N. Phytol. 221, 155–168 (2019).

31. Vallicrosa, H. et al. Global maps and factors driving forest foliar
elemental composition: the importance of evolutionary history.N.
Phytol. 233, 169–181 (2022).

32. Maire, V. et al. Global effects of soil and climate on leaf photo-
synthetic traits and rates.Glob. Ecol. Biogeogr. 24, 706–717 (2015).

33. Pearson, R. G. & Dawson, T. P. Predicting the impacts of climate
change on the distribution of species: are bioclimate envelope
models useful? Glob. Ecol. Biogeogr. 12, 361–371 (2003).

34. Soberón, J. Grinnellian and Eltonian niches and geographic dis-
tributions of species. Ecol. Lett. 10, 1115–1123 (2007).

35. Oda, G. A., Portela, R. C., Pires, A. S., Baker, W. J. & Emilio, T.
Distribution of leaflet traits across different habitats: a phylogen-
etically controlled test using Neotropical palms. Plant Ecol. Divers
16, 221–229 (2023).

36. Loozen, Y. et al. Mapping canopy nitrogen in European
forests using remote sensing and environmental variables
with the random forests method. Remote Sens Environ. 247,
111933 (2020).

37. Soltanikazemi, M., Minaei, S., Shafizadeh-Moghadam, H. & Mah-
davian, A. Field-scale estimation of sugarcane leaf nitrogen con-
tent using vegetation indices and spectral bands of Sentinel-2:
application of random forest and support vector regression.
Comput. Electron. Agr. 200, 107130 (2022).

38. Finlay, K. W. &Wilkinson, G. N. The analysis of adaption in a plant-
breeding programme. Aust. J. Agric. Res. 14, 742–754 (1963).

39. Bell, G., Lechowicz, M. J., & Waterway, M. J. Environmental het-
erogeneity and species diversity of forest sedges. J. Ecol. 88,
67–87 (2000).

40. Ackerly, D. D. & Cornwell, W. K. A trait‐based approach to com-
munity assembly: partitioning of species trait values into within‐
and among‐community components. Ecol. Lett. 10,
135–145 (2007).

41. Lambers, H., Raven, J. A., Shaver, G. R. &Smith, S. E. Plant nutrient-
acquisition strategies change with soil age. Trends Ecol. Evol. 23,
95–103 (2008).

Article https://doi.org/10.1038/s41467-024-49665-4

Nature Communications |         (2024) 15:5346 9

https://doi.org/10.5281/zenodo.11071944
https://doi.org/10.5281/zenodo.11071944
https://doi.org/10.5281/zenodo.11071816
https://doi.org/10.5281/zenodo.11071816


42. Wright, I. J., Reich, P. B. &Westoby,M. Least-cost inputmixtures of
water and nitrogen for photosynthesis. Am. Nat. 161,
98–111 (2003).

43. Anderegg, L. D. L. et al. Within-species patterns challenge our
understanding of the leaf economics spectrum. Ecol. Lett. 21,
734–744 (2018).

44. Tian, D. S. et al. Global changes alter plant multi-element stoi-
chiometric coupling. N. Phytol. 221, 807–817 (2019).

45. Fox, R. J., Donelson, J. M., Schunter, C., Ravasi, T. & Gaitán-Espitia,
J. D. Beyond buying time: the role of plasticity in phenotypic
adaptation to rapid environmental change. Philos. T. R. Soc. B374,
20180174 (2019).

46. Tang, Z. et al. Patterns of plant carbon, nitrogen, and phos-
phorus concentration in relation to productivity in China’s ter-
restrial ecosystems. Proc. Natl Acad. Sci. USA 115, 4033–4038
(2018).

47. Yang, X., Huang, Z., Zhang, K. & Cornelissen, J. H. C: N: P stoi-
chiometry of Artemisia species andclose relatives across northern
China: unravelling effects of climate, soil and taxonomy. J. Ecol.
103, 1020–1031 (2015).

48. Dong, N. et al. Leaf nitrogen from the perspective of optimal plant
function. J. Ecol. 110, 2585–2602 (2022).

49. Sterner R. W. & Elser, J. J. Ecological Stoichiometry: The Biology of
Elements from Molecules to the Biosphere (Princeton Univ.
Press 2002).

50. Peñuelas, J., Sardans, J., Ogaya, R. & Estiarte, M. Nutrient stoi-
chiometric relations and biogeochemical niche in coexisting plant
species: effect of simulated climate change. Pol. J. Ecol. 56,
613–622 (2008).

51. Peñuelas, J. et al. The bioelements, the elementome, and the
biogeochemical niche. Ecology 100, e02652 (2019).

52. Bauer, G. et al. Effects of chronic N additions on tissue chemistry,
photosynthetic capacity, and carbon sequestration potential of a
red pine (Pinus resinosa Ait.) stand in the NE United States. Ecol.
Manag. 196, 173–186 (2004).

53. Xia, J. Y. & Wan, S. Q. Global response patterns of terrestrial plant
species to nitrogen addition. N. Phytol. 179, 428–439 (2008).

54. Firn, J., Mcgree, J. M., Harvey, E., Flores-Moreno, H. & Risch, A. C.
Leaf nutrients, not specific leaf area, are consistent indicators of
elevated nutrient inputs. Nat. Ecol. Evol. 3, 400–406 (2019).

55. Liang, X. et al. Global responsepatterns of plant photosynthesis to
nitrogen addition: a meta‐analysis. Glob. Chang. Biol. 26,
3585–3600 (2020).

56. Sardans, J., Rivas-Ubach, A. & Peñuelas, J. The elemental stoi-
chiometry of aquatic and terrestrial ecosystems and its relation-
ships with organismic lifestyle and ecosystem structure and
function: a review and perspectives. Biogeochemistry 111,
1–39 (2012).

57. Huang, Z. Q. et al. Long-term nitrogen deposition linked to
reduced water use efficiency in forests with low phosphorus
availability. N. Phytol. 210, 431–442 (2016).

58. Tian, D. et al. Responses of forest ecosystems to increasing N
deposition in China: a critical review. Environ. Pollut. 243,
75–86 (2018).

59. Sardans, J. & Peñuelas, J. Tree growth changes with climate and
forest type are associated with relative allocation of nutrients,
especially phosphorus, to leaves and wood.Glob. Ecol. Biogeogr.
22, 494–507 (2013).

60. Moreno-Martínez, A. et al. Amethodology toderive globalmapsof
leaf traits using remote sensing and climate data. Remote Sens.
218, 69–88 (2018).

61. Han, W., Fang, J., Reich, P. B., Ian Woodward, F. & Wang, Z. Bio-
geography and variability of eleven mineral elements in plant

leaves across gradients of climate, soil andplant functional type in
China. Ecol. Lett. 14, 788–796 (2011).

62. He, J. S. et al. Taxonomic identity, phylogeny, climate and soil
fertility as drivers of leaf traits across Chinese grassland biomes. J.
Plant Res. 123, 551–561 (2010).

63. Anderegg, L. D. L. Why can’t we predict traits from the environ-
ment? N. Phytol. 237, 1939–1940 (2023).

64. Buenemann, M., Coetzee, M. E., Kutuahupira, J., Maynard, J. J. &
Herrick, J. E. Errors in soil maps: the need for better on-site
estimates and soil map predictions. PLoS ONE 18, e0270176
(2023).

65. Smith, N. G. et al. Global photosynthetic capacity is optimized to
the environment. Ecol. Lett. 3, 506–517 (2019).

66. Harrison, S. P. et al. Eco-evolutionary optimality as a means to
improve vegetation and land-surface models. N. Phytol. 231,
2125–2141 (2019).

67. Medlyn, B. E. et al. Using ecosystem experiments to improve
vegetation models. Nat. Clim. Chang. 5, 528–534 (2015).

68. Wieder, W. R. et al. Beyond static benchmarking: using experi-
mental manipulations to evaluate land model assumptions. Glob.
Biogeochem. Cycles 33, 1289–1309 (2019).

69. Moran, E. V., Hartig, F. & Bell, D. M. Intraspecific trait variation
across scales: implications for understanding global change
responses. Glob. Chang. Biol. 22, 137–150 (2016).

70. Liu, J. et al. Nitrogen to phosphorus ratios of tree species in
response to elevated carbon dioxide and nitrogen addition in
subtropical forests. Glob. Chang. Biol. 19, 208–216 (2013).

71. Carnicer, J. et al. Global biodiversity, stoichiometry and ecosys-
tem function responses to human-induced C–N–P imbalances. J.
Plant Physiol. 172, 82–91 (2015).

72. Yue, K. et al. Effects of three global change drivers on terrestrial
C:N:P stoichiometry: a global synthesis. Glob. Chang. Biol. 23,
2450–2463 (2017).

73. Zhou, X. et al. Shift in community functional composition follow-
ing nitrogen fertilization in an alpine meadow through intraspe-
cific trait variation and community composition change. Plant Soil
431, 289–302 (2018).

74. Lemmen, K. D., Butler, O. M., Koffel, T., Rudman, S. M. & Symons,
C. C. Stoichiometric traits vary widely within species: a meta-
analysis of common garden experiments. Front. Ecol. Evol. 7,
339 (2019).

75. Lin, G., Zeng, D. H. & Mao, R. Traits and their plasticity determine
responses of plant performance and community functional
property to nitrogen enrichment in a boreal peatland. Plant Soil
449, 151–167 (2020).

76. Ren, G. Q. et al. The effect of nitrogen and temperature changes
on Solidago canadensis phenotypic plasticity and fitness. Plant
Species Biol. 35, 283–299 (2020).

77. Jόnsdόttir, I. S. et al. Intraspecific trait variability is a key feature
underlying high Arctic plant community resistance to climate
warming. Ecol. Monogr. 1, e1555 (2022).

78. Lie, Z. et al. Warming leads to more closed nitrogen cycling in
nitrogen‐rich tropical forests. Glob. Chang. Biol. 27,
664–674 (2021).

79. Ainsworth, E. A. & Long, S. P. What have we learned from 15 years
of free-air CO2 enrichment (FACE)? A meta-analytic review of the
responses of photosynthesis, canopy properties and plant pro-
duction to rising CO2. N. Phytol. 165, 351–372 (2005).

80. Sardans, J. et al. Changes in nutrient concentrations of leaves and
roots in response to global change factors. Glob. Chang. Biol. 23,
3849–3856 (2017).

81. Dong, N. et al. Rising CO2 and warming reduce global canopy
demand for nitrogen. N. Phytol. 235, 1692–1700 (2022).

Article https://doi.org/10.1038/s41467-024-49665-4

Nature Communications |         (2024) 15:5346 10



82. Tian, D. et al. A global database of paired leaf nitrogen and
phosphorus concentrations of terrestrial plants. Ecology 9,
e02812 (2019b).

83. He, J. S. et al. Leaf nitrogen: phosphorus stoichiometry across
Chinese grassland biomes. Oecologia 155, 301–310 (2008).

84. Geng, Y. et al. Linking above- and belowground traits to soil and
climate variables: an integrated database on China’s grassland
species. Ecology 98, 1471 (2017).

85. Kattge, J. et al. TRY plant trait database–enhanced coverage and
open access. Glob. Chang. Biol. 26, 119–188 (2020).

86. Michel, A. K., Prescher, A. K., Seidling,W. & Ferretti, M. ICP Forests
Brief No 1 - a policy-relevant infrastructure for long-term, large-
scale assessment and monitoring of forest ecosystems. Johann
Heinrich von Thünen-Institut. Germany, CID: 20.500.12592/
s5bp6z https://policycommons.net/artifacts/2109695/icp-
forests-brief-no-1/2864993/ (2018).

87. StevensP. F. Angiospermphylogenywebsite. Version 12, July 2012
[and more or less continuously updated since] (2001). http://
www.mobot.org/MOBOT/research/APweb/ (2017).

88. Amante, C. & Eakins, B. W. ETOPO1 1 Arc-Minute Global Relief
Model: Procedures, Data Sources and Analysis. NOAA Technical
Memorandum NESDIS NGDC 24 (NOAA, 2009).

89. Stocker, B. D. & Hufkens, K. Ingest v1.3: R package for environ-
mental data ingest. Zenodo https://doi.org/10.5281/zenodo.
5531240 (2021)

90. Weedon, G. P. et al. The WFDEI meteorological forcing data set:
WATCH Forcing Data methodology applied to ERA-Interim rea-
nalysis data. Water Resour. Res. 50, 7505–7514 (2014).

91. Fick, S. E. &Hijmans, R. J.WorldClim 2: new 1-kmspatial resolution
climate surfaces for global land areas. Int. J. Climatol. 12,
4302–4315 (2017).

92. Davis, T. W. et al. Simple process-led algorithms for simulating
habitats (SPLASH v. 1.0): robust indices of radiation, evapo-
transpiration and plant-available moisture.Geosci. Model Dev. 10,
689–708 (2017).

93. Stocker, B. D. et al. P-model v1. 0: an optimality-based light use
efficiency model for simulating ecosystem gross primary pro-
duction. Geosci. Model Dev. 13, 1545–1581 (2020).

94. Stocker, B. D., Marqués, L. & Hufkens, K. rsofun v4.0 Modelling
framework for site-scale simulations of ecosystem processes in R.
Zenodo https://doi.org/10.5281/zenodo.5530824 (2021).

95. Wang, H. et al. Towards a universal model for carbon dioxide
uptake by plants. Nat. Plants 3, 734–741 (2017).

96. Harrison, M. T. et al. Nitrogen in cell walls of sclerophyllous leaves
accounts for little of the variation in photosynthetic nitrogen-use
efficiency. Plant Cell Environ. 32, 259–270 (2009).

97. Bahar, N. H. A. et al. Leaf-level photosynthetic capacity in lowland
Amazonian and high-elevation Andean tropical moist forests of
Peru. N. Phytol. 214, 1002–1018 (2017).

98. Stocker, B. D. et al. Global patterns of water storage in the rooting
zones of vegetation. Nat. Geosci. 16, 250–256 (2023).

99. Fischer, G. et al. Global agro-ecological zones assessment for
agriculture (GAEZ 2008). IIASA, Laxenburg, Austria and FAO,
Rome, Italy 10. https://www.fao.org/soils-portal/data-hub/soil-
maps-and-databases/harmonized-world-soil-database-v12/land-
cover-data/ar/ (2008).

100. Batjes, N. H. Harmonised soil property values for broad-scale
modelling (WISE30sec) with estimates of global soil carbon
stocks. Geoderma 269, 61–68 (2016).

101. Shangguan, W. et al. A China dataset of soil properties for land
surface modeling. J. Adv. Model. Earth Syst. 5, 212–224 (2013).

102. Keeling, R. F., Walker, S. J., Piper, S. C. & Bollenbacher, A. F.
Exchanges of atmospheric CO2 and

13CO2 with the terrestrial
biosphere and oceans from 1978 to 2000. Global aspects, SIO
Reference Series, No. 01-06, Scripps Institution of Oceanography,

San Diego: 88 https://scrippsco2.ucsd.edu/data/atmospheric_
co2/sampling_stations (2001).

103. Lamarque, J. F. et al. Global and regional evolution of short-lived
radiatively-active gases and aerosols in the representative con-
centration pathways. Clim. Chang. 109, 191–212 (2011).

104. Marthews, T., Dadson, S., Lehner, B., Abele, S. & Gedney, N.
High-resolution global topographic index values for use in
large-scale hydrological modelling. Hydrol. Earth Syst. Sci. 19,
91–104 (2015).

105. Wright,M.N. &Ziegler, A. ranger: a fast implementationof random
forests for high dimensional data in C++ and R. J. Stat. Softw. 77,
1–17 (2017).

106. Kuhn, M. Classification and regression training. R package v.6.0-
92. https://cran.r-project.org/web/packages/caret/ (2022).

107. Pinheiro, J., Bates, D., DebRoy, S., Sarkar, D. & R. Core Team. Linear
and nonlinear mixed effects models. R package v.3.1-157. https://
cran.r-project.org/web/packages/nlme/ (2022).

108. Lüdecke, D., Ben-Shachar, M. S., Patil, I., Waggoner, P. &
Makowski, D. performance: an R package for assessment, com-
parison and testing of statistical models. J. Open Source Softw. 6,
3139 (2021).

109. Stocker, B. D., & Tian, D. geco-bern/leafnp_data: v1.0: Initial
release (v1.0) [Data set]. Zenodo https://doi.org/10.5281/zenodo.
11071944 (2024).

110. Stocker, B. D., & Tian, D. geco-bern/leafnp: v1.0: Initial release
(v1.0). Zenodo https://doi.org/10.5281/zenodo.11071816 (2024).

Acknowledgements
This workwas supported by the National Key R&D Program of China (No.
2022YFD2201600, D.T.), grants from the National Natural Science
Foundation of China (32271680, D.T.; 31800397, D.T.; and 31901086,
Z.B.Y.) and the Strategic Priority Research Program of the Chinese
Academy of Science (No. XDA26050401, D.T.). D.T. was supported by
the Swiss Government Excellence Scholarship (2020-2021), the Young
Elite Scientists Sponsorship Program by the China Association for Sci-
ence and Technology (2021-2023, No. 2021QNRC001), and 5·5 Engi-
neering Research & Innovation Team Project of Beijing Forestry
University (No: BLRC2023A01). B.D.S. was funded by the Swiss National
Science Foundation Grant (No. PCEFP2_181115). B.S. was funded by the
University Research Priority Program “Global Change and Biodiversity”
of the University of Zurich. This work was also supported by the TRY
initiative on plant traits (http://www.try-db.org). The TRY database is
hosted at the Max Planck Institute for Biogeochemistry (Jena, Germany)
and supported by DIVERSITAS/Future Earth, the German Centre for
Integrative BiodiversityResearch (iDiv) Halle-Jena-Leipzig andEUproject
BACI (grant ID 640176). We would like to thank Lisha Lyu, Yaoqi Li, Ziyan
Liao, Yunpeng Luo, and Mengya Liu for their helpful suggestions for
data analysis.We acknowledge Zhiyao Tang,WenxuanHan, HuifengHu,
and the researchers who contributed their data in the global TRY
database.

Author contributions
D.T.: Conceptualization (lead); data curation (lead); funding acquisition
(lead); project administration (lead); writing – original draft (lead); review
and editing (lead). Z.B.Y.: Data curation (supporting); writing – original
draft (equal); review and editing (equal). B.S.: Conceptualization (sup-
porting);methodology (supporting);writing – review andediting (equal).
J.K.: Data curation (supporting); review and editing (equal). J.Y.F.: Data
curation (supporting); project administration (supporting); review and
editing (equal); supervision (equal). B.D.S.: Conceptualization (equal);
supervision (lead); software (lead); methodology (lead); writing – review
and editing (equal).

Competing interests
The authors declare no competing interests.

Article https://doi.org/10.1038/s41467-024-49665-4

Nature Communications |         (2024) 15:5346 11

https://policycommons.net/artifacts/2109695/icp-forests-brief-no-1/2864993/
https://policycommons.net/artifacts/2109695/icp-forests-brief-no-1/2864993/
http://www.mobot.org/MOBOT/research/APweb/
http://www.mobot.org/MOBOT/research/APweb/
https://doi.org/10.5281/zenodo.5531240
https://doi.org/10.5281/zenodo.5531240
https://doi.org/10.5281/zenodo.5530824
https://www.fao.org/soils-portal/data-hub/soil-maps-and-databases/harmonized-world-soil-database-v12/land-cover-data/ar/
https://www.fao.org/soils-portal/data-hub/soil-maps-and-databases/harmonized-world-soil-database-v12/land-cover-data/ar/
https://www.fao.org/soils-portal/data-hub/soil-maps-and-databases/harmonized-world-soil-database-v12/land-cover-data/ar/
https://scrippsco2.ucsd.edu/data/atmospheric_co2/sampling_stations
https://scrippsco2.ucsd.edu/data/atmospheric_co2/sampling_stations
https://cran.r-project.org/web/packages/caret/
https://cran.r-project.org/web/packages/nlme/
https://cran.r-project.org/web/packages/nlme/
https://doi.org/10.5281/zenodo.11071944
https://doi.org/10.5281/zenodo.11071944
https://doi.org/10.5281/zenodo.11071816
http://www.try-db.org


Additional information
Supplementary information The online version contains
supplementary material available at
https://doi.org/10.1038/s41467-024-49665-4.

Correspondence and requests for materials should be addressed to
Di Tian or Benjamin D. Stocker.

Peer review informationNature Communications thanksOskar Franklin,
Peter Vesk, and theother anonymous reviewer(s) for their contribution to
the peer review of this work. A peer review file is available.

Reprints and permissions information is available at
http://www.nature.com/reprints

Publisher’s note Springer Nature remains neutral with regard to jur-
isdictional claims in published maps and institutional affiliations.

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in any medium or format, as
long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons licence, and indicate if
changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless
indicated otherwise in a credit line to the material. If material is not
included in the article’s Creative Commons licence and your intended
use is not permitted by statutory regulation or exceeds the permitted
use, you will need to obtain permission directly from the copyright
holder. To view a copy of this licence, visit http://creativecommons.org/
licenses/by/4.0/.

© The Author(s) 2024

Article https://doi.org/10.1038/s41467-024-49665-4

Nature Communications |         (2024) 15:5346 12

https://doi.org/10.1038/s41467-024-49665-4
http://www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/

	Environmental versus phylogenetic controls on leaf nitrogen and phosphorous concentrations in vascular plants
	Results
	Variable selection and effects
	Contrasting model performances
	Trait gradient analysis
	Other metrics of the importance of species identity

	Discussion
	Methods
	Leaf N and P data
	Environmental data
	Statistical models
	Trait gradient analysis
	Reporting summary

	Data availability
	Code availability
	References
	Acknowledgements
	Author contributions
	Competing interests
	Additional information




