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ABSTRACT

Trait-based ecology seeks to improve plant growth predictions by incorporating individual trait variability, yet empirical stud-

ies have shown that even individual-level traits struggle to predict growth due to unclear mechanisms. In a 3-year experiment

measuring 10 functional traits and growth in 5188 seedlings, we found that individual trait-growth relationships are strongly

competition-dependent. Without competition, traits strongly predicted growth, with predictive ability positively associated with

trait variability, supporting theoretical expectations. However, competition significantly reduced the predictive ability of traits
by simultaneously increasing individual trait variability and suppressing seedling growth rates. These results suggest that plants
under competition achieve similar growth through diverse alternative strategies, obscuring trait-growth relationships. Our find-
ings suggest that competition-induced trait variability might be a key driver of the weak trait-growth relationships frequently

observed in natural communities, providing experimental evidence for the ongoing debate surrounding the weak trait-growth

correlations.

1 | Introduction

Functional traits play crucial roles in plant resource acquisi-
tion strategies (Violle et al. 2007), shaping individual growth
(Yang, Song, et al. 2021) and influencing community dy-
namics (McGill et al. 2006) and ecosystem processes (Hagan
et al. 2023). Despite the promise that functional traits hold for
predicting plant growth, empirical studies often reveal unex-
pectedly weak trait-growth relationships (Paine et al. 2015),
challenging the fundamental assumption of functional ecol-
ogy—traits determine individual performance, particularly

growth (de Bello et al. 2025). This disconnect between theory
and observation has been attributed to the widespread use of
species mean traits (Yang et al. 2018), which ignore individ-
ual trait variability (Rodriguez-Alarcén et al. 2024; Siefert
et al. 2015; Yang, Song, et al. 2021). Traits measured at the
individual level should theoretically strengthen trait-growth
relationships by better capturing plant responses to environ-
mental conditions (Abakumova et al. 2016; Yang et al. 2018).
However, recent work incorporating individual trait measure-
ments has yielded mixed results, with some studies show-
ing marginal improvement (Li et al. 2022) or even weaker
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trait-growth relationships (Fajardo et al. 2024; Poorter
et al. 2018; Rodriguez-Alarcén et al. 2024). This inconsistency
raises a critical gap in our understanding: why, despite their
theoretical advantages, do individual-level traits yield diver-
gent results in predicting plant growth?

These inconsistent findings may result from trait plasticity,
particularly the diverse plastic responses induced by environ-
mental stressors such as competition (Bittebiere et al. 2019;
Yang et al. 2024), which might obscure the trait-growth re-
lationships. According to the stress-induced plasticity hy-
pothesis (Hoffmann and Merild 1999), competition could
trigger diverse plastic trait changes among individual plants
(Novoplansky 2009) (Figure 1b). For instance, some individ-
uals may shift toward resource-acquisition strategies (e.g.,
increased leaf area) that potentially enhance growth perfor-
mance (Dawson et al. 2024). In contrast, others may adopt
more conservative strategies or even undergo maladaptive

(a) competition-free

changes (e.g., reduced height) (Lyu et al. 2017), prioritis-
ing survival over growth. Consequently, such competition-
induced plasticity not only increases trait variability among
individuals (Bittebiere et al. 2019; Yang et al. 2024) but also
creates more individualised and divergent trait-growth rela-
tionships, making predictions of growth rates from traits more
challenging. In contrast, individuals growing in the absence
of competition tend to exhibit more straightforward and con-
sistent trait-growth relationships (Figure 1a); in these cases,
traits such as greater leaf area and lower stem density more
reliably indicate a higher growth potential (Li et al. 2022),
thereby strengthening the relationship between traits and
growth (Poorter et al. 2018; Yang et al. 2018).

The observed weakening of the trait-growth relationships
may also be related to the suppression of plant growth rates by
competition (Beauchamp et al. 2025) (Figure 1b). Specifically,
reduced growth rates first diminish interspecific differences
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FIGURE1 | Conceptual framework illustrating how competition alters trait-growth relationships. (a) Under competition-free conditions (left),
species exhibit distinct trait values (represented by leaf size) and predictable growth performance with direct trait-growth correspondence. Under
competition (right), species develop increased trait variability while growth is consistently reduced, complicating trait-based growth predictions.

(b-c) Schematic trait-growth relationships showing (b) strong positive relationships under competition-free conditions, where limited trait variabil-

ity and distinct growth rates yield predictable patterns (solid grey line), versus (c) weakened relationships under competition, where expanded trait

variability (more expansive ellipses) coupled with compressed growth performance flattens the trait-growth relationship (dashed grey line). The

coloured ellipses represent species-specific trait-performance spaces. Thin black lines depict intraspecific (within-species) relationships; thick grey

lines represent community-level patterns across all species.
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in growth performance, causing diverse individual trait val-
ues to be linked to similar growth, thereby potentially compli-
cating trait-growth linkages (Rodriguez-Alarcon et al. 2024).
Although slow tree growth is prevalent in various forests (Li
et al. 2022; Poorter et al. 2018; Rodriguez-Alarcon et al. 2024)
and is projected to increase due to climate change (Augusto
et al. 2025), the effects of slow growth rates have rarely been
tested, largely due to methodological constraints associated with
isolating competition-free individuals within natural communi-
ties. Consequently, whether competition-induced trait variabil-
ity and suppression of the growth rate collectively explain the
observed weak individual-level trait-growth relationships re-
mains unclear, and this leaves a critical gap in our understand-
ing of the mechanisms underlying plant growth dynamics in
natural communities.

To address these gaps, we conducted a 3-year greenhouse ex-
periment in which 5188 seedlings of seven co-occurring sub-
tropical tree species were raised under competition-free and
competition conditions. We measured 10 functional traits and
monitored the increase in the height of the plants, constructing
separate univariate growth models for each trait under both
competition conditions. This controlled experimental approach
allowed us to rigorously investigate the following questions:
(1) Do individual traits consistently predict growth under both
competition-free and competition conditions, and in which sce-
nario are traits more predictive? (2) How does individual trait
variability influence the trait-growth relationship under differ-
ent competition conditions? (3) How does the seedling growth
rate itself affect the trait-growth relationship? We hypothesised
that traits would better predict growth under competition-free
conditions, as evidenced by the higher R? values of the growth
model and by the larger standardised regression coefficients of
traits. Additionally, we predicted that trait variability would
enhance the predictive ability of traits under competition-free
conditions but weaken trait-growth relationships through
greater individual trait variability in plants under competition,
reflecting the use of diverse alternative functional strategies by
the plants. Furthermore, we expected that a reduction in growth
rates under competition conditions would diminish the strength
of the trait-growth relationship.

2 | Materials and Methods
2.1 | Study Site and Species

Our experiment was conducted in a greenhouse at Tiantong
National Forest Park (29°48.817'N, 121°47.116'E), Zhejiang
Province, eastern China. This region has a subtropical monsoon
climate with a mean annual temperature of 16.2°C and a mean
annual precipitation of 1374.7mm. The forest is dominated by
evergreen tree species but also includes deciduous species grow-
ing on slightly acidic yellow-red mountain soils with pH values
ranging from 4.4 to 5.1 (Yang et al. 2011). Thirteen native tree
species, including eight evergreen and five deciduous species
that naturally coexist in the local forest, were initially selected
on the basis of life form diversity, phylogenetic relationships and
seed availability (Table S1). To minimise confounding genetic
variation and maternal effects, more than 2000 healthy seeds
per species were collected from a single mature tree between

October and December 2018. The seeds were disinfected, stored
over the winter and sown in nursery trays in April 2019 under
full sunlight with adequate irrigation. Owing to differences
in germination success, the final experiment included seven
species: Daphniphyllum oldhamii, Cyclobalanopsis glauca,
Castanopsis sclerophylla , Lithocarpus glaber, Schima superba,
Hovenia acerba and Quercus chenii . When the seedlings were
well established, individuals of similar size and health status
were transplanted into pots for the experiment.

2.2 | Experimental Design

We conducted a 3-year (2019-2022) greenhouse experiment
(Yang et al. 2024) that fully crossed two competition treatments
with nine abiotic environments. This design enabled us to assess
how competition influences trait-growth relationships across
diverse resource conditions and to test the generality of these
effects within environmentally heterogeneous settings.

The experiment included two treatments: a competition-free
baseline (one seedling per pot) and a competition treatment
(seven seedlings, one from each of seven species, planted 3-5cm
apart). Seedling positions in competition pots were fully ran-
domised to avoid spatial bias. Both treatments were replicated
across nine environmental blocks (see Figure S1 for full details).
Each block represented a unique combination of light (L), soil
moisture (M) and soil phosphorus (P), established via a three-
factor, three-level (low, medium and high; coded 1-3) orthog-
onal design (Table S2). The greenhouse was thus divided into
nine blocks, each corresponding to a specific combination of
resource levels (see Appendix S1 for details on abiotic setup).
Environmental factor levels were based on measurements from
a nearby 20-ha forest plot (Yang et al. 2011), and comparison
with natural forest data (Figure S2) confirmed that experimental
conditions were fully nested within the natural range of the un-
derstory, ensuring an ecologically realistic resource landscape.

To maximise statistical power, we established 40 replicate pots
per species for the competition-free treatment and 50 replicate
pots per species for the competition treatment within each of the
nine environmental blocks. During a 1-month establishment
period, any seedlings that died were replaced with healthy, size-
matched individuals. Subsequent minor losses resulted in final
effective replications of 35-40 pots (competition-free) and 45-48
pots (competition) per species per block, which yielded a final
dataset of 2728 pots and 5188 seedlings.

All seedlings were grown in uniform pots (15cm height,
18.5/12cm top/bottom diameter; Figure S3), each filled with
2+0.01kg of homogenised forest soil collected from 15 to 30cm
depth and sieved to remove coarse particles and organic debris.
All pots were spaced 15-20cm apart to prevent cross-pot in-
terference and were randomly repositioned within each block
every 2weeks to minimise microenvironmental variation. Pest
control measures, including insect-proof netting and insecti-
cide application, when necessary, were used to ensure seedling
health. Pot size was selected based on previous experimental ex-
perience (Yang, Lu, et al. 2021; Yang et al. 2024) to balance the
need for detectable interspecific competition against the risk of
unnatural root confinement (Appendix S2).
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2.3 | Measurement of Functional Traits
and Construction of Multidimensional Trait Axes

We used a two-phase destructive harvest with temporal repli-
cation to link seedling functional strategies with growth across
temporal and environmental gradients. Seedlings were randomly
preassigned at the start to two harvests: 2391 in year two (2021)
and a larger group of 2797 for year three (2022) to offset higher
expected mortality. For each harvest, entire pots were processed,
with roots carefully washed and, in competition pots, separated
by individuals. We measured five aboveground and four below-
ground traits for every surviving seedling (Figure S4), reflecting
diverse ecological strategies of seedlings (Laughlin 2023). The
aboveground traits included leaf area (LA, cm?), specific leaf
area (SLA, cm?/g), leaf dry matter content (LDMC, g/g), leaf
toughness (LTO, N/m) and stem specific density (SSD, g/cm?).
The fine-root traits included specific root length (SRL, m/g),
root diameter (RD, mm), root tissue density (RTD, g/cm?) and
specific root area (SRA, cm?/g). All trait measurements followed
standardised protocols (Pérez-Harguindeguy et al. 2013). See
Appendix S3 for detailed methods and Table S3 for trait-specific
sample sizes (n=3400-4005).

Given that plant traits covary due to physiological and evolution-
ary constraints, we used principal component analysis (PCA) to
reduce above- and below-ground trait data into multidimensional
axes (Table S4). Analyses were performed separately for above-
and belowground traits to reflect their functional independence
(Beccari and Carmona 2024; Carmona et al. 2021), using only
individuals with complete data for all nine traits (n=3306). Prior
to PCA, all traits were log, -transformed (except the near-normal
LDMC, LTO and RD) and standardised. We used Horn's parallel
analysis (Horn 1965) to determine the number of retained com-
ponents and applied varimax rotation to improve interpretability.
For both above- and below-ground traits, two main axes were
identified (Figure 2), explaining 56% and 97% of the variance,
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respectively. These axes captured key ecological trade-offs: the
leaf economics spectrum (Above_PC1, 35%), stem construction
(Above_PC2, 21%), root collaboration (Below_PC1, 49%) and
root economics spectrum (Below_PC2, 48%). These multidimen-
sional axes, closely aligned with global plant functional spectra
(Bergmann et al. 2020; Carmona et al. 2021; Diaz et al. 2016), were
used as predictors in subsequent growth models.

2.4 | Seedling Growth Rate

We quantified seedling relative growth rate (RGR) as a size-
corrected metric of average annual growth. Height was mea-
sured from the stem base to the apical leaf at transplant (August
2019; H, ,..) and again at final harvest (2021 for 2-year-old
seedlings, 2022 for 3-year-old; Hy ). RGR was calculated as
(log(Hina) — 108 (Hinitat) ) / (tinat = tinitat ) (108 (Finitiat) — 108 (Hginat) ) / (tinat = Linitat)
(Hoffmann and Poorter 2002; Weemstra et al. 2021), where H de-
notes the height and ¢ represents the measurement time in years.
This approach standardises growth relative to initial size, captur-
ing average annual height gain over the measurement interval. We
used height as a proxy for growth due to the nondestructive re-
peatability and strong correlation with biomass (Pearson’s r=0.68,
Figure S5), providing a viable alternative to destructive single-
harvest biomass assessments. We excluded seedlings that died be-
fore harvest (n=1077), showed negative growth (n=38), or were
statistical outliers (RGR>+4 SD, n=3) (Yang, Song, et al. 2021).
The final dataset comprised 4070 seedlings (2256 2-year-old and
1814 3-year-old) with validated annual RGR values.

2.5 | Modelling Trait-Growth Relationships at
Community and Species Levels

To quantify how interspecific competition alters trait-growth rela-
tionships, we developed a hierarchical modelling framework. This
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FIGURE 2 | Major axes of functional trait variation. Principal component analysis (PCA) was performed separately on the five aboveground and

four belowground traits (n =3306 seedlings). Two axes were retained for each PCA via Horn's parallel analysis with varimax rotation, explaining
56% (aboveground) and 97% (belowground) of the total variance. The resulting axes capture key ecological strategies: The leaf economics spectrum
(Above_PC1, 35%) and stem construction (Above_PC2, 21%) and a root collaboration spectrum (Below_PC1, 49%) and the root economics spectrum
(Below_PC2, 48%). Points are individual seedlings, coloured by treatment (green: Competition-free; yellow: Competition). The inset plots show the
bivariate relationship between each trait and the relative growth rate, with regression lines for the competition-free (green) and competition (yellow)
treatments. See Figure S7 for complete trait-growth correlations.
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involved fitting a series of growth models to both competition-free
and competition treatment datasets, systematically comparing
their outcomes. Our core analysis modelled standardised seedling
relative growth rate as a function of a given multidimensional trait
axis. The general model structure was as follows:

RGR ~ a + g, Trait + g, Year + f;Trait: Year + y,,

where « is the intercept, § variables represent estimated co-
efficients for the standardised trait axis, growth year (2 vs. 3)
and their interaction, and y denotes random effects of species
identity to account for inherent baseline growth differences. To
preserve clear ecological interpretability, we modelled each of
the four orthogonal trait axes separately (Bongers et al. 2020; Li
et al. 2022). This axis-by-axis approach yields a slope that can be
directly interpreted as the predictive ability of a specific func-
tional strategy, without confounding effects from other orthogo-
nal axes. By keeping year covariates constant and varying only
trait predictors, differences in R? directly quantify each trait ax-
is's contribution to growth prediction, facilitating fair compari-
sons of competition effects.

We implemented this core model within a hierarchical frame-
work to ensure generalisability (Figure S6). To isolate compe-
tition effects while holding the environment constant, models
were fitted separately within each of nine environmentally ho-
mogeneous blocks. To capture both overall and species-specific
patterns, analyses were conducted at two levels: community-
level mixed-effects models with species identity as a random
intercept, and species-level linear models fitted separately for
each species within each block. This yielded 72 community-
level models and 344 species-level models, excluding 18 spe-
cies-block combinations with fewer than 10 individuals.

To test competition effects, we compared two key metrics derived
from the model when fitted to the competition-free versus the
competition datasets: (1) marginal R?, the proportion of variance
explained solely by the fixed effects, interpreted here as predictive
ability in line with trait-based ecology literature and for concep-
tual clarity (de Bello et al. 2025); and (2) the standardised slope of
the trait axis, indicating effect size per trait standard deviation. To
formally test for differences, we compared the sets of marginal R?
values and standardised slopes from the 36 community-level or
180 species-level pairs using paired t-tests or Wilcoxon rank-sum
tests, as determined by Shapiro-Wilk normality tests. All predic-
tors and responses were standardised, allowing direct compari-
sons of coefficients across traits (Schielzeth 2010). Analyses used
data from 3306 seedlings with complete multidimensional trait
and growth records. Finally, we used hierarchical partitioning to
quantify the independent effects of trait axis, year and their inter-
action (Lai et al. 2022), and repeated the above main analysis with
individual traits instead of multidimensional axes to confirm the
consistency of our findings (Figures S7 and S8).

2.6 | Effects of Trait Variability and Growth Rate
on Trait-Growth Relationships

To further explore the drivers of the varying trait-growth re-
lationships, we tested how trait variability and mean seed-
ling growth rate influenced the model's predictive ability, as

measured by marginal R%. The response variable for this analysis
was the marginal R? derived from each growth model. We calcu-
lated two corresponding predictor variables: (1) trait variability,
which was quantified as functional richness (i.e., the extent of
occupied trait space) using the trait probability density (TPD)
method (Carmona et al. 2016, 2019), which integrates both in-
ter- and intra-specific variation, and (2) mean growth rate, which
was calculated as the arithmetic mean of the relative growth
rates for all seedlings within each model. For trait variability, at
the species level, we pooled individual trait values and estimated
continuous TPDs using Gaussian kernel density estimation with
an optimised bandwidth, applying a 5% quantile threshold to
mitigate the influence of outliers. At the community level, we
aggregated the species-level TPDs (Carmona et al. 2019).

We then fitted these variables using generalised linear mixed-
effects models with a beta error distribution, appropriate for
modelling proportion data bounded between 0 and 1. The full
theoretical model included trait variability, the interaction be-
tween trait variability and competition (to capture potential
context-dependent effects), and mean RGR as fixed effects, with
trait identity and environmental block specified as random ef-
fects. However, at the community level, a preliminary analysis
revealed strong collinearity between mean RGR and the com-
petition treatment (Pearson's r=0.77), preventing their simul-
taneous inclusion. We therefore adopted a two-model strategy:
the first model included trait variability and its interaction with
competition to test our primary hypothesis, while a second, sep-
arate model tested the effect of mean RGR alone, which in this
context served as a proxy for the competition treatment. At the
species level, the collinearity between mean RGR and compe-
tition was weaker (r=0.59), allowing us to include all predic-
tors in a single model, with species identity as a random effect.
We further explored these species-level effects using a Bayesian
structural equation model to disentangle the direct and indirect
causal pathways (see Appendix S4 for details).

To test the robustness of our findings, this entire workflow was
then repeated using the results from the 162 community-level
and 910 species-level growth models based on individual traits
(Figure S9). To address potential statistical concerns regard-
ing the use of R? as a response variable, we performed a null-
model analysis which confirmed the robustness of our findings
(see Appendix S5 for methods; Figure S10 for results). To as-
sess whether competition effects were robust to environmen-
tal heterogeneity, we fitted linear mixed-effects models to the
entire dataset pooled across all nine environmental blocks, in
contrast to our block-specific analyses. Separate models for the
competition and competition-free treatments included the four
multidimensional trait axes, year, three primary environmental
variables (light, moisture and phosphorus), and all two-way in-
teractions as fixed effects, with block and species identity (for
community-level models) as random effects. Results from these
heterogeneous models were qualitatively consistent with our
main findings (Figures S11-S13), confirming that competition
effects persist across the full resource gradient.

Analyses were performed in R (v4.4.2) using TPD for trait vari-
ability, Ime4 and glmmTMB for mixed models, ImerTest for
significance testing, MuMIn for marginal R? and glmm.hp for
variance partitioning.
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3 | Results

3.1 | Trait-Growth Relationships Are Consistently
Weaker Under Competition

Competition consistently weakened the relationship between
functional traits and seedling growth, as evidenced by a signifi-
cant reduction in both the variance explained (marginal R?) and
the magnitude of trait effects (standardised absolute slopes). At
the community level, the average marginal R? across four mul-
tidimensional trait axes decreased by 59% under competition,
from 0.11 to 0.047 (paired Wilcoxon test, V=648, p<0.001;
n=36; Figure 3a). This reduction was most pronounced for the
leaf economics spectrum (Above_PC1), with marginal R? de-
clining by 65% (Figure S8a). A similar pattern was observed at
the species level, where the average marginal R? dropped by 53%,
from 28% to 13.2%, under competition (V'=14,725, p<0.001;
n=180; Figure 3a and Figure S8b), despite higher baseline val-
ues without competition.
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The absolute trait slopes were generally reduced under compe-
tition (Figure 3b). Although this trend was not statistically sig-
nificant for the multidimensional axes at the community level
(-29%, V=428, p=0.14; Figure 3b), it was more pronounced
and marginally significant at the species level (=7.9%, V=9362,
p=0.08; Figure 3b), particularly for Above_PC1, whose slope
was halved (Figure S8c). Analyses of nine individual traits
further supported these results and revealed additional trait-
specific differences (Figure S7).

3.2 | Increased Trait Variability Weakens
Trait-Growth Relationships Under Competition

Competition consistently increased trait variability among
seedlings, as measured by the extent of occupied trait space
(Figure 4). At the community level, trait variability across the
four multidimensional axes was on average 15% greater under
competition (increasing from 4.16 to 4.78; V=161, p=0.006;
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FIGURE 3 | Multidimensional trait-growth relationships under competition-free and competition treatments in within-block homogeneous en-

vironments. (a) Marginal R? (predictive ability) and (b) absolute slope of multidimensional trait axes from growth models under competition-free
(green) and competition (yellow) treatments. Each point represents a trait-growth model, with border colour indicating trait identity and fill colour
denoting treatment. The grey lines connect matched models across treatments. All analyses were conducted within environmentally homogeneous
blocks to minimise abiotic heterogeneity and isolate the effects of competition. Models were fitted at both the community level (n =36; 4 trait axes
X9 environmental blocks) and the species level (n =180; after 18 block-species combinations with fewer than 10 observations were excluded). Both
models included one of the multidimensional trait axes, year and their interaction as fixed effects. At the community level, species identity was
incorporated as a random effect, whereas the species-level models were simple linear regressions without random effects. Statistical significance
(***p<0.001; '0.05<p<0.1) was determined using paired Wilcoxon rank-sum tests. (c) Bivariate relationships between standardised multidimen-
sional trait axes and the relative growth rate (RGR) under competition-free (green) and competition (yellow) conditions.
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FIGURE 4 | Trait variability and mean growth rate modulate the predictive ability of multidimensional trait-growth models in within-block
homogeneous environments. (a) Variability in multidimensional trait axes and (b) mean standardised relative growth rates (RGRs) for each trait-
growth model, shown separately for community-level and species-level analyses under competition-free (green) and competition (yellow) conditions.
For community-level models, trait variability encompasses both within- and between-species differences, whereas for species-level models, it re-
flects only within-species variation. Each point represents a trait-growth model, with border colour indicating trait identity and fill colour denoting
treatment. The grey lines connect matched models across treatments. Statistical significance (***p <0.001; **p <0.01) was determined using paired
Wilcoxon rank-sum tests. (c, d) Effects of trait variability, its interaction with competition and the mean growth rate on model predictive ability
(marginal R?), evaluated using generalised linear mixed-effects models (beta distribution, logit link). At the community level (c), trait variability
and its interaction with competition were included in one model, and the mean growth rate was included in a separate model to avoid collinearity
with competition. At the species level (d), all three predictors were included in a single model due to their low correlation. The models included trait
identity and environmental block as random effects at the community level, with species identity added at the species level. The black points indicate

significant effects (p <0.05), and the grey points indicate marginal significance (0.05<p <0.1).

Figure 4a). This pattern was even more pronounced at the spe-
cies level, where trait variability increased by 21% (from 2.08 to
2.52; V=666, p<0.001; Figure 4a).

The influence of trait variability on marginal R? was strongly
context-dependent. In the absence of competition, greater trait
variability was associated with a marginally positive effect on R? at
both the community (slope=0.07, p=0.09; Figure 4c) and species
(slope=0.13, p=0.07; Figure 4d) levels. However, the interaction
between trait variability and competition was significantly nega-
tive at both levels (community: slope=-0.22, p<0.001; species:
slope=-0.16, p<0.001; Figure 4c,d), indicating that increased
trait variability corresponded to lower R? values under competi-
tion. These patterns were further supported by supplementary
analyses based on individual traits (Figure S9).

3.3 | Low Seedling Growth Rates as a Factor in
Weakening the Trait-Growth Relationships

Over the 3years, competition consistently and significantly
reduced the mean standardised seedling growth (p<0.001;

Figure 4b). In turn, lower mean growth was strongly associ-
ated with lower marginal R? values in the trait-growth models.
This positive relationship was evident at both the community
(slope =0.46, p <0.001; Figure 4c) and species levels (slope = 0.87,
p<0.001; Figure 4d). Bayesian structural equation modelling at
the species level further confirmed that competition weakened
trait-growth models via reduced growth (competition — mean
growth: standardised path coefficient §=—0.98; mean growth
— R?: $=0.08; Figure Sl4a). The indirect effect of competition
on marginal R? via mean growth accounted for 53% of the total
effect (—0.078 of —0.149; Figure S14b). Repeating the main anal-
yses on a dataset pooled across all nine environmental blocks
revealed that competition remained a significant factor that re-
duced both the marginal R? and the absolute slopes of the trait-
growth relationships (Figures S11-S13; see Table S5 for model
details).

4 | Discussion

Although intraspecific trait variability has been proposed to im-
prove plantgrowth predictions by capturing microenvironmental
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responses (Yang et al. 2018), empirical studies increasingly re-
port weak trait-performance relationships among individuals in
natural communities (Fajardo et al. 2024; Li et al. 2021; Poorter
et al. 2018; Rodriguez-Alarcén et al. 2024). This paradox may
result from oversimplified frameworks of trait-environment dy-
namics, particularly the inadequate integration of competition
as a critical driver of phenotypic expression (Novoplansky 2009).
Through a 3-year field experiment encompassing 5188 seed-
lings across diverse environmental gradients, we demonstrate
that competition fundamentally restructures trait-growth re-
lationships. Under competition-free conditions, trait variability
strengthens traits' predictive ability (marginal R?) for individual
growth as expected. Conversely, competition decouples traits
from growth performance by increasing trait variability and re-
ducing growth rates (Figure 4). Our findings identify competi-
tion as a pivotal modulator of trait-performance relationships,
providing direct evidence and new insight into the limited pre-
dictive ability of traits in natural communities, and reconciling
previously conflicting empirical observations.

4.1 | Strong Trait-Growth Relationships Under
Competition-Free Conditions

By experimentally removing competition, we found that trait-
based models could explain substantial growth variation (2.7%—
40.3%, Figure S12a), a level of predictive ability rarely achieved
in complex field studies (Li et al. 2021; Paine et al. 2015; Poorter
et al. 2018). However, these relationships were highly trait-
specific and context-dependent (e.g., they varied with both
abiotic conditions and temporal factors). For example, leaf eco-
nomics axis (Above_PC1, primarily associated with SLA) was
the most powerful predictor of growth (Figures S8a and S13a),
but revealed an unexpected pattern (Wright et al. 2004): a con-
sistent negative association with growth that amplified sig-
nificantly under high-light conditions (Figure S12g). In such
environments, elevated physiological stress may cause the
metabolic and structural costs of high-SLA leaves to outweigh
their photosynthetic advantages. These results are consistent
with similar findings in seedlings (Tida et al. 2014) and suggest
a developmental contingency, further supported in our study by
widespread trait X year interactions (Figures S8g and S12c). In
contrast, belowground trait effects, which explained 2.9%-14.1%
of growth variation, were more variable in their direction: the
relationship between the root economics axis (Below_PC2)
and growth shifted from positive under low light (favouring
acquisitive strategies) to negative under high light (favouring
conservative strategies) (Roumet et al. 2016). These divergent
trait-specific relationships highlight the need for growth perfor-
mance models that explicitly account for the interactive effects of
traits, environmental conditions, and developmental stage (Dun
et al. 2025; Kamimura et al. 2023; Laughlin 2018, 2023, 2024).

4.2 | Weak Trait-Growth Relationships Under
Competition

Compared with those under competition-free conditions, the
overall predictive ability (0.5%-16%) of trait-growth models de-
clined by 63% in homogeneous environments, with main effects,
trait-year interactions and year alone reduced by 44%, 39% and

66%, respectively (Figure S15a). This weakening occurs through
three pathways. First, competition attenuated the main effects
of key functional traits, such as the complete loss of the posi-
tive influence of aboveground conservative traits like LDMC
(Figures S8e and S12b). Second, competition suppressed trait—
environment and trait-year interactions, with all belowground
trait X light interactions becoming nonsignificant (Table S5).
This likely occurred because shading by taller neighbours ho-
mogenised the understory light environment, thus removing the
light gradient with which root traits could interact. Third, com-
petition weakened the effects of abiotic drivers, particularly light
availability and developmental stage (3- vs. 3-year-old seedlings),
consistent with a crowded canopy with homogeneous light con-
ditions (Figure S16). These findings collectively highlight that
competition, a ubiquitous feature of communities (Freckleton
et al. 2009; McGill et al. 2006), acts as a strong ecological filter
that broadly decouples plant growth from both functional traits
and environmental factors. This explains the limited predictive
ability of growth models, even when higher-order trait-environ-
ment interactions are included (Li et al. 2021).

Notably, the competition filter does not uniformly suppress all
trait effects. Some relationships are maintained or even ampli-
fied, revealing which strategies are favoured under intense re-
source competition. For instance, the positive effect of total leaf
area (LA) on growth is retained and strengthened under com-
petition (Figure S8c,e), consistent with recent studies highlight-
ing the high predictive value of LA (Fajardo et al. 2024). This
suggests that in crowded, light-limited stands, the capacity to
intercept light becomes a decisive advantage (Goud et al. 2023),
potentially overriding other functional trade-offs. Moreover, be-
lowground traits shift from environment-dependent influences
to strong direct effects under intense competition (Table S5),
reflecting a transition from multiple coexisting root strate-
gies shaped by abiotic heterogeneity (Weemstra et al. 2016) to
the dominance of a specific competitive strategy—thicker fine
roots, low specific root length and low root tissue density—that
enables rapid, low-cost soil exploration and resource preemption
(Sanaei et al. 2025). Thus, even under strong biotic filtering, LA
and key belowground attributes remain potential predictors of
growth, offering promising avenues for future research in trait-
based ecology.

4.3 | What Drives the Weaker Trait-Growth
Relationships Under Competition?

Our results indicate two synergistic mechanisms can dis-
mantle trait-growth relationships under competition. First,
competition-induced trait variability may potentially weaken
trait-growth relationships through two distinct but synergistic
mechanisms: phenotypic noise caused by plasticity-driven trait
variability and the blurring of interspecific trait differences.
On the one hand, competition induces diverse phenotypic re-
sponses (Figure 4a, Figures S9 and S13), including nonadaptive
plasticity (e.g., competition-induced compensatory increases
in SLA in our study) and shifts in the adaptive strategies (e.g.,
shifting from growth-focused strategies to survival-focused
strategies) (Iida et al. 2014). Such diverse plastic responses may
introduce functional noise, resulting in the decoupling of traits
from growth outcomes. Even adaptive plastic responses, such
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as reduced SSD to improve resource acquisition, may not nec-
essarily translate into growth benefits (Auld et al. 2009), po-
tentially leading to a failure to predict growth. On the other
hand, competition-driven changes in traits predominantly
emerge within species (Figure S5). This increased intraspecific
variation could blur interspecific differences by masking each
species’ inherent functional signature. This resulting pattern
of interspecific trait convergence aligns with observations in
Amazonian forests, complicating trait-based growth predic-
tions (Poorter et al. 2018). Experiments further confirm that
hard traits (e.g., hydraulic traits) with high intraspecific vari-
ability exhibit weaker growth predictive ability than less plastic
soft morphological traits do (Li et al. 2022). This dual effect—
the ambiguity of functional signals and species identity—po-
tentially alters the direction and strength of trait-growth
relationships at multiple ecological scales, ultimately reducing
the predictability of growth.

The suppression of plant growth rates by competition emerged
as another mechanism. Competition reduced interspecific
growth differences by 31% (Figure S18), compressing the
growth performance landscape and making it inherently diffi-
cult to detect trait effects on growth. This detection difficulty
was compounded by technical limitations in measuring small
growth increments. For instance, obvious measurement er-
rors in height (e.g., negative or zero growth) increased 7.5-fold
under competition, with 34 such instances recorded versus only
four in the competition-free treatment. Although these outli-
ers were excluded from our growth models, their elevated fre-
quency indicates that measurement uncertainty remained high
among retained seedlings. Such heightened noise in growth
measurement likely further constrains the predictive ability of
trait-growth models. Our results thus experimentally support
the previously untested assumption that observed weak trait-
growth correlations in slow-growing hyperdiverse Amazonian
forests (Poorter et al. 2018) and Colombian tropical dry forests
(Rodriguez-Alarcén et al. 2024) are mechanistically constrained
by low growth rates.

Importantly, these mechanisms are not unique to competition
but likely constitute a general stress signature in plant responses
to intense ecological pressures. For example, harsh abiotic con-
ditions, such as drought and nutrient limitation, are known to
induce similar patterns of increased trait plasticity and reduced
growth (Niu et al. 2020). Supporting this inference, in our most
resource-poor environments (as indicated by average biomass
in the absence of competition), trait-growth correlations re-
mained weak even without competition (Figure S17), suggesting
that strong abiotic stress may decouple traits from performance
through mechanisms similar to those under competition. This
points to the possibility of a unifying framework to explain the
persistent erosion of trait-performance linkages across biotic
and abiotic stress gradients, from highly competitive communi-
ties to resource-limited environments (Fajardo et al. 2024; Goud
et al. 2023; Li et al. 2021; Paine et al. 2015; Poorter et al. 2018;
Rodriguez-Alarcén et al. 2024). Such integrative frameworks are
urgently needed under accelerating global change, as increased
phenotypic plasticity and reduced growth—two key drivers of
weakened trait-performance linkages—are becoming increas-
ingly prevalent under intensifying climate stress (Augusto
et al. 2025; Chen et al. 2017).

5 | Conclusion

Our 3-year experiment demonstrated that competition gener-
ally weakened trait-growth correlations in seedlings (except for
leaf area) by increasing trait variability and reducing seedling
growth rates. This helps explain the weak trait-growth relation-
ships frequently observed in natural forests. We further show
that individual trait variability enhances the predictive ability
of trait-growth models under competition-free conditions but
reduces it under competition, thereby providing evidence that
reconciles recent inconsistencies over its role in trait-growth re-
lationships. More broadly, our study highlights that growth pre-
diction is context dependent, shaped not only by abiotic factors
but also by biotic competition and ontogeny, underscoring the
need to integrate both environmental and developmental stages.
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