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SUMMARY

Leaf traits serve as indicators of plant responses to
environmental changes and play a pivotal role in shaping
ecosystem functions. Deciduous broadleaf trees,
widely planted in temperate urban forests, contribute
significantly to carbon cycling, water regulation, and
biodiversity. Their sensitivity to shifts in temperature
and precipitation makes them useful indicators of
ecological change. Leaf traits such as nutrient content,
specific leaf area, and water-use efficiency are especially
informative, as they reflect physiological responses
and adaptive strategies under changing conditions. We
hypothesized that large and small deciduous broadleaf
tree species would exhibit significant differences in
variation, relationships, and trade-offs between leaf
traits. By examining 12 key structural, chemical, and
photosynthetic leaf traits across 10 representative tree
species in Zhengzhou, China, we aimed to uncover the
patterns and interconnections underlying these traits.
The results showed significant differences in key leaf
functional traits between large and small tree species.
Specifically, large trees had greater leaf area, equivalent
water thickness, and leaf phosphorus content than
small species, suggesting an emphasis on resource
conservation. In contrast, small trees exhibited higher
specific leaf area, leaf nitrogen-to-phosphorus ratio,
and photosynthetic rates than big species, reflecting
a fast-growth strategy. For small trees, leaf dry matter
content was positively related to photosynthetic
parameters, further suggesting their rapid resource
acquisition, while large trees favored traits supporting
resource retention and stress tolerance. This study
highlights the heterogeneity and adaptive mechanisms
of leaf functional traits in different tree species, offering
valuable insights into plant configuration and climate
adaptation management strategies.

INTRODUCTION

Under the influence of global climate change, the variation,
relationships, and trade-offs of plant functional traits have
emerged as critical areas of research. Plant functional traits
are not only highly adaptive to environmental changes but
also exhibit significant plasticity, making them essential
indicators for assessing plant responses to varying ecological
conditions (1, 2). Inrecent years, quantitative analyses of these
traits have provided insights into the mechanisms underlying
trait variation and resource allocation strategies, enhancing
our understanding of plant-environment interactions. For
example, leaf area (LA) and plant height have been shown

to strongly influence above-ground net primary productivity,
underscoring the role of functional traits in regulating
ecosystem processes under changing conditions (3). In
addition, environmental drivers such as precipitation and
temperature significantly affect leaf structural traits, including
leaf thickness and specific leaf area (SLA), and chemical
traits, including leaf nitrogen content (LNC), leaf phosphorus
content (LPC), and leaf carbon content (LCC), thereby
influencing plant resource use strategies and adaptation to
climatic variability (4).

Leaves, the primary sites for photosynthesis, respiration,
and ftranspiration, play a pivotal role in tree growth,
development, and adaptability. Over evolutionary timescales,
leaf traits have shown sensitivity to environmental changes
and exhibit remarkable phenotypic plasticity (5). For instance,
seedling relative growth rate is consistently associated with
key traits such as LNC and SLA (5). Additionally, one study
analyzed data from 474 species spanning eight growth forms
and found that continuous leaf traits (e.g., SLA, LNC) are more
reliable predictors of plant responses to nutrient availability
than growth form (6).

Although substantial progress has been made in
studying leaf structural traits, less attention has been paid
to photosynthetic physiological traits, which are critical
indicators of plant growth potential and stress tolerance. For
instance, the net photosynthetic rate (P.), which represents
the rate at which plants convert carbon dioxide into organic
compounds through photosynthesis, directly influences
carbon assimilation efficiency (7). Meanwhile, stomatal
conductance (G,), which measures the rate of gas exchange
through leaf stomata, reflects both water-use efficiency and
a plant’s ability to tolerate drought conditions (7). Similarly,
intercellular CO, concentration (Ci) reveals the balance
between CO, assimilation and stomatal behavior (7). The
interplay between structural traits and photosynthetic
efficiency is equally significant; for example, plants may
optimize light capture and carbon assimilation by increasing
leaf area while reducing water loss through changes in leaf
morphology (8).

Systematic investigations into variation patterns and
trade-offs of leaf traits are essential for understanding
plant ecological strategy such as resource acquisition,
conservation, and stress tolerance under climate change (9).
While structural traits such as SLA and LA are well studied,
the variability and interrelationships of photosynthetic
physiological traits, especially across different plant growth
forms—trees, shrubs, and herbaceous plants—remain
poorly understood (2,9-11). These traits not only influence
morphological and ecological functions (e.g., leaf shape,
size, competition, habitat structuring) but also provide critical
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insights into plant adaptation and responses to environmental
change (12).

In this study, we hypothesized that significant differences
exist in the variation, relationships, and trade-offs of leaf
traits between large and small deciduous broadleaf tree
species, classified based on height and diameter at breast
height (DBH). Larger tree species typically allocate resources
toward long-term growth and survival, which may manifest
in leaf traits that favor resource conservation, such as
lower SLA and higher leaf dry matter content (LDMC) (13).
Conversely, small tree species, which prioritize rapid growth
and reproduction, are likely to display leaf traits that facilitate
higher photosynthetic efficiency and greater nutrient turnover
(13). These differing strategies are hypothesized to result
in distinct interrelationships among leaf traits and varying
trade-offs between growth and resource conservation (14).
To test this hypothesis, we measured 12 functional traits
encompassing structural, chemical, and photosynthetic
parameters to investigate their variation patterns and
interrelationships across 10 representative large and small
deciduous broadleaf tree species in Zhengzhou, China. Our
findings revealed significant variation across traits: large trees
exhibited higher LA, equivalent water thickness, and LPC,
indicative of resource conservation strategies. In contrast,
small trees displayed higher SLA, LNC, leaf nitrogen to
phosphorus ratio (leaf N:P), and photosynthetic traits. Distinct
scaling relationships were observed, including a positive
correlation between LDMC and both P_and C, in small trees,
and between equivalent water thickness and both P and s
in large trees. These findings underscore the importance
of examining functional leaf traits to reveal species-specific
responses to environmental changes. Such trait-based
approaches can inform the design of resilient urban green
spaces and contribute to a better understanding of how plant
communities cope with environmental stressors in a changing
climate.

RESULTS

Variation of leaf traits in large and small tree species
The study was conducted in Longzihu Park, Zhengzhou,

China (Figure 1). This urban park features diverse tree

species and represents a typical temperate city green space.
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Figure 1: Map of study area (Longzi Lake Park, Zhengzhou,
China) and sampling sites. The map presents the location of the
study area and sampling sites. Basemap source: Tianditu (44). Map

created by the authors using ArcGIS 10.6.
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Table 1: Statistical information on the variation of leaf traits
across ten deciduous broadleaf tree species (n = 60). LA, leaf
area; SLA, specific leaf area; EWT, equivalent water thickness;
LDMC, leaf dry matter content; LCC, leaf carbon content; LNC,
leaf nitrogen content; LPC, leaf phosphorus content; leaf N:P,
leaf nitrogen-to-phosphorus ratio; SPAD, soil and plant analyzer
development; P, net photosynthetic rate; C, intercellular CO,
concentration; G, stomatal conductance.

Trees were categorized into large and small growth forms
based on DBH and height. Leaf samples were analyzed for
selected structural traits (e.g., SLA, LDMC), chemical traits
(e.g., LNC, LPC), and physiological parameters (Pn, Ci, Gs).

The maximum and minimum values across structural,
chemical, and physiological traits highlighted the unique
ecological strategies of different tree species (Table 1).
In general, small trees had higher SLA and leaf N:P, while
large trees had higher LA, equivalent water thickness
and LPC (Figure 2). Photosynthetic traits also varied with
size; small trees generally showed higher P, C, and G,
while no significant difference was observed in relative
chlorophyll content (SPAD) (Figure 2). For structural traits,
Styphnolobium japonicum, classified as a small tree species,
had the highest SLA (288.1 cm?:g™), which represents leaf
area per unit dry mass and reflects a trade-off between rapid
growth and structural investment (15). In contrast, Pterocarya
stenoptera, one of the large tree species, had the lowest SLA
(95.6 cm?:g™"). Equivalent water thickness, which quantifies
water content per unit leaf area and indicates water retention
capacity, was highest in Ginkgo biloba (large tree, 0.02 g-cm-
2) and lowest in Syringa oblata (small tree, 0.01 g-cm2) (16).
For chemical traits, Cercis chinensis (a small tree) exhibited
the highest LNC (31.8 mg-g™'), while Styphnolobium japonicum
(a large tree) had the lowest (11.9 mg-g™'). Magnolia denudata
(a large tree) had the highest LPC (3.6 mg-g’), whereas
Prunus serrulata (a small tree) showed the lowest (1.3 mg-g-).
The leaf N:P ratio was highest in Prunus serrulata (14.6) and
lowest in Magnolia denudata (4.9). Regarding photosynthetic
traits, Prunus cerasifera (a small tree) demonstrated the
highest P (6.2 ymol-m?s') and C, (401.8 pmol-m?s7),
while Koelreuteria paniculata (a large tree) and Pterocarya
stenoptera (a large tree) displayed the lowest P (2.1 umol-m-
zs") and C, (250.6 umol-m?2-s™), respectively.

Two-sample t-tests for each leaf trait showed varying
patterns of differences between large and small tree species.
For structural traits, large trees displayed higher LA (p <0.001,
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Figure 2: Comparison of leaf trait indicators between large and small deciduous tree species (n = 30). Different colors represent large
and small trees. Distribution of (A) leaf carbon content (LCC), (B) leaf nitrogen content (LNC), (C) leaf phosphorus content (LPC), (D) leaf
nitrogen-to-phosphorus ratio (leaf N:P), (E) leaf area (LA), (F) specific leaf area (SLA), (G) equivalent water thickness (EWT), (H) leaf dry
matter content (LDMC), (1) soil and plant analyzer development (SPAD), (J) net photosynthetic rate (P ), (K) intercellular CO, concentration
(C), and (L) stomatal conductance (G,) between large and small trees. P values above the bars were calculated using two-sample t-tests.

Figure 2E) and equivalent water thickness than small trees (p
< 0.001, Figure 2G), reflecting their resource conservation
strategies. In contrast, small trees had higher SLA, facilitating
efficient light capture and photosynthesis (p < 0.001, Figure
2F). For chemical traits, LCC and LNC showed no differences
between the two growth forms (LCC: p = 0.171, Figure 2A;
LNC: p = 0.234, Figure 2B), suggesting conserved carbon
storage and nitrogen investment across species. Large trees
displayed higher LPC than small tress (p < 0.001, Figure 2C),
suggesting superior phosphorus acquisition and storage.
Conversely, the leaf N:P ratio was higher in small trees (p <
0.001, Figure 2D), highlighting their reliance on nitrogen-use
efficiency in nutrient-limited environments. Photosynthetic
traits varied notably between large and small tree species.
Small tree species exhibited higher P, C, and G_ than large
trees (P: p < 0.05, Figure 2J; C;: p < 0.01, Figure 2K; G_: p <
0.05, Figure 2L), suggesting a strategy of enhancing carbon
assimilation through increased stomatal activity. However,
SPAD values showed no significant differences between the
two growth forms (p = 0.498, p > 0.05, Figure 2I), suggesting
their similar chlorophyll content and sustained photosynthetic
performance over time.

Relationships of leaf traits in large and small tree species

Pearson correlation analysis revealed distinct relationships
among leaf traits. For large trees, LCC correlated positively
with leaf N:P (r = 0.516, p < 0.01), SLA (r = 0.450, p < 0.05),
and SPAD (r = 0.581, p < 0.001), but negatively with LPC (r
= -0.591, p < 0.001) and LA (r = —0.427, p < 0.05) (Figure
3). LNC was positively related to LPC (r = 0.567, p < 0.001)
and negatively to C, (r = —0.571, p < 0.001) (Figure 3). LPC

correlated positively with equivalent water thickness (r =
0.539, p < 0.01) and P, (r=0.704, p < 0.001), and negatively
with leaf N:P (r = -0.892, p < 0.001), SLA (r = -0.431, p <
0.05), and LDMC (r=-0.624, p < 0.001) (Figure 3). Leaf N:P
was positively associated with LDMC (r = 0.736, p < 0.001)
and negatively with equivalent water thickness and P, (both
r = —-0.695, p < 0.001) (Figure 3). LA correlated positively
with LDMC (r = 0.609, p < 0.001) but negatively correlated
with equivalent water thickness (r = —0.606, p < 0.001), P_(r
=-0.456, p < 0.05), and G_ (r = -0.724, p < 0.001) (Figure
3). Equivalent water thickness was negatively related to SLA
(r=-0.604, p < 0.05) and LDMC (r = —0.555, p < 0.01) but
positively to P_(r=0.378, p <0.05) and G_ (r=0.425, p <0.05)
(Figure 3). LDMC correlated positively with SPAD (r = 0.470,
p < 0.01) and negatively correlated with P, (r = —0.874, p <
0.001). G, was positively correlated with SPAD (r=0.485, p <
0.01) (Figure 3). Other leaf traits pairs were not significantly
correlated (all p > 0.05) (Figure 3).

For small trees, LCC showed positive correlations with
LNC (r=0.517, p < 0.01), P, (r=0.738, p < 0.001), and G_(r
=0.572, p < 0.001), and negative correlations with equivalent
water thickness (r = —0.692, p < 0.001) and C, (r = -0.457,
p < 0.05) (Figure 3). LNC related positively to leaf N:P (r =
0.811, p < 0.001), SLA (r=0.421, p < 0.05), SPAD (r = 0.698,
p < 0.001), and G, (r = 0.763, p < 0.001), and negatively to
equivalent water thickness (r = -0.404, p < 0.05) and C, (r =
—0.654, p < 0.001) (Figure 3). LPC correlated positively with
P.(r=0.408, p <0.05) and negatively with leaf N:P (r=-0.521,
p < 0.01) (Figure 3). Leaf N:P positively correlated with SLA
(r=0.364, p < 0.05), SPAD (r=0.804, p < 0.001), and G_ (r
= 0.587, p < 0.001), and negatively with C, (r = -0.762, p <
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Figure 3: Correlation analysis of leaf traits in large and small tree species. In the upper-right boxes, Pearson correlation coefficients
and their corresponding significance test results are presented for leaf trait pairs of large trees (LT, n = 30) and small trees (ST, n = 30),
respectively. Significance levels are indicated by: p < 0.05 (*), p < 0.01 (**), and p < 0.001 (***). The diagonal boxes show the normal
distribution fitting curves of leaf trait indicators for large trees (n = 30) and small trees (n = 30), while the bottom-left boxes display pairwise

scatterplots of these traits for the two size classes.

0.001) (Figure 3). LA aligned positively with SLA (r=0.811, p
< 0.001) and SPAD (r = 0.469, p < 0.01), and negatively with
LDMC (r = -0.905, p < 0.001), P_(r=-0.758, p < 0.001), C,
(r=-0.454, p < 0.05), and G, (r=-0.396, p < 0.05) (Figure
3). SLA was positively related to SPAD (r = 0.461, p < 0.05)
and negatively to equivalent water thickness (r = —0.499, p

< 0.01), LDMC (r = =0.904, p < 0.001), and C, (r = —0.703,

p < 0.001) (Figure 3). Equivalent water thickness co-varied
positively with C, (r = 0.623, p < 0.001) and negatively with
P, (r=-0.368, p < 0.05) (Figure 3). LDMC showed positive
correlations with P_(r = 0.573, p < 0.001) and C, (r = 0.489,
p < 0.01) and a negative correlation with SPAD (r = —0.454,
p < 0.05) (Figure 3). SPAD was positively correlated with G,
(r=0.397, p < 0.05) and negatively with C, (r = -0.659, p <
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0.001) (Figure 3). G, positively correlated with P_ (r = 0.548,
p < 0.01) and negatively with C, (r=-0.366, p < 0.05) (Figure
3). Other leaf traits pairs were not significantly correlated (all
p > 0.05) (Figure 3).

Regression analysis highlighted varying relationships of
structural and chemical traits with photosynthetic traits. In
small trees, LA was positively related to SPAD (slope = 0.122,
p = 0.009; Figure 4A) and negatively related to P_ (slope =
—0.344, p < 0.001; Figure 4B), C, (slope =—-0.086, p = 0.012;
Figure 4C), and G (slope =-0.312, p = 0.030; Figure 4D). For
large trees, LA was negatively related to P, (slope = -0.157, p
=0.011; Figure 4B) and G_ (slope =—-0.317, p < 0.001; Figure
4D) but showed no significant relationship with SPAD (p =
0.142; Figure 4A) or C, (p = 0.448; Figure 4C). For small
trees, SLA showed a positive relationship with SPAD (slope
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=0.233, p < 0.05; Figure 4E) but a negative relationship with
C, (slope = -0.260, p < 0.001; Figure 4G), while showing no
significant relationship with G, (p = 0.610; Figure 4H). For
large trees, SLA showed no significant relationships with any
photosynthetic traits: SPAD (p = 0.062; Figure 4E), P_(p =
0.654; Figure 4F), C, (p = 0.801; Figure 4G), or G_ (p = 0.271;
Figure 4H). Equivalent water thickness in large tree species
showed positive relationships with P, (slope = 0.482, p < 0.05;
Figure 4J) and G_ (slope = 0.689, p < 0.05; Figure 4L) but
was not significantly related to SPAD (p = 0.249; Figure 4l)
or C, (p = 0.179; Figure 4K). In small tree species, equivalent
water thickness showed a positive relationship with C, (slope
= 0.563, p < 0.001; Figure 4K) and a negative relationship
with G, (slope = —1.261, p < 0.05; Figure 4L), while showing
no significant relationships with SPAD (p = 0.612; Figure 4l)
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Figure 4: Regression analyses of leaf structural traits with physiological traits in large and small tree species. Large trees (LT)
and small trees (ST) are represented by different colors. Relationships of (A) LA with SPAD, (B) LA with P_, (C) LA with C, (D) LA with G,
(E) SLA with SPAD, (F) SLA with P_, (G) SLA with C, (H) SLA with G, (I) EWT with SPAD, (J) EWT with P , (K) EWT with C, (L) EWT with
G,, (M) LDMC with SPAD, (N) LDMC with P_, (O) LDMC with C, and (P) LDMC with G_. The regression function was expressed as y = bx?,
transformed into log y = log b + a‘log x, where x and y represent two trait parameters, log b denotes the intercept, and a indicates the slope.

Linear regression was used to obtain slope, p-value, and R? values.
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or P (p = 0.103; Figure 4J). LDMC showed relationships
with P _in large (slope = —1.274, p < 0.001) and small trees
(slope = 0.947, p < 0.001; Figure 4N), and with SPAD in large
(slope = 0.385, p < 0.01) and small trees (slope = -0.429, p
< 0.05; Figure 4M). However, LDMC did not show significant
relationships with G_ in either large (p = 0.277) or small trees
(p = 0.091; Figure 4P).

Chemical traits had pronounced relationships with
photosynthetic performance. For small trees, LCC was
positively related to P, (slope = 1.995, p < 0.001; Figure
5B) and G, (slope = 2.687, p < 0.001; Figure 5D), negatively
related to C, (slope = -0.517, p = 0.011; Figure 5C), and had
no significant relationships with SPAD (p = 0.309; Figure
5A). LNC in small trees was positively related to SPAD (slope
= 0.327, p < 0.001; Figure 5E) and G_ (slope = 1.089, p <
0.001; Figure 5H), negatively related to C, (slope =—-0.224, p
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< 0.001; Figure 5G), but had no significant relationships with
P_(p=0.437; Figure 5F). For small trees, LPC had a negative
relationship with SPAD (slope = —0.240, p = 0.048; Figure
5l), positive relationship with P_ (slope = 0.488, p = 0.025;
Figure 5J) and C, (slope = 0.173, p = 0.046; Figure 5K), and
no significant relationship with G, (p = 0.552; Figure 5L).
Leaf N:P ratios positively influenced SPAD (slope = 0.323, p
< 0.001; Figure 5M) and G, (slope = 0.717, p < 0.001; Figure
5P), negatively related to C, (slope =-0.224, p < 0.001; Figure
50), and had no significant relationship with P, (p = 0.551;
Figure 5N). In contrast, for large tree species, LCC positively
related to SPAD (slope = 0.796, p < 0.001; Figure 5A) and
had no significant relationship with P_(p = 0.118; Figure 5B),
C, (p = 0.483; Figure 5C), and G, (p = 0.722; Figure 5D).
LNC showed a negative relationship with C, (slope = —0.625,
p < 0.001; Figure 5G) but had no significant relationship with
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Figure 5: Regression analyses of leaf chemical traits with physiological traits in large and small tree species. Large trees (LT) and
small trees (ST) are represented by different colors. Relationships of (A) LCC with SPAD, (B) LCC with P , (C) LCC with C,, (D) LCC with G,
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transformed into log y = log b + alog x, where x and y represent two trait parameters, log b denotes the intercept, and a indicates the slope.

Linear regression was used to obtain slope, p-value, and R? values.
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SPAD (p = 0.213; Figure 5E), P, (p = 0.140; Figure 5F), or
G, (p = 0.796; Figure 5H). LPC negatively related to SPAD
(slope =—-0.347, p = 0.027; Figure 5l), positively related to P,
(slope = 1.077, p < 0.001; Figure 5J), and had no significant
relationship with C, (p = 0.151; Figure 5K), or G, (p = 0.679;
Figure 5L). Leaf N:P ratios positively related to SPAD (slope
= 0.369, p = 0.049; Figure 5M), negatively related to P,
(slope =-1.280, p < 0.001; Figure 5N), and had no significant
relationship with C, (p = 0.955; Figure 50). or G_ (p = 0.722;
Figure 5P).

Trade-off patterns of leaf traits in large and small tree
species

Principal component analysis (PCA) of structural,
chemical, and photosynthetic traits revealed key trade-offs in
leaf ecological functions and drivers of variability (Figure 6).
For leaf structural traits, the first two principal components
(PC1 and PC2) explained 74.1% of the variation (Figure
6A). PC1 primarily represented leaf size and thickness, as
indicated by strong loadings of leaf area and equivalent water
thickness, while PC2 was associated with tissue density,
mainly reflecting variations in LDMC and SLA. Specifically,
along PC1, equivalent water thickness and LDMC were
positively correlated (Figure 6A), indicating a co-variation
that may be related to leaf structural properties. Along
PC2, equivalent water thickness and SLA were negatively
correlated, indicating that these traits varied in opposite
direction in the principal component space. Compared with
large tree species, small tree species were distributed toward
the PCA axes associated with SLA and LDMC, whereas large
tree species were distributed closer to the axes associated
with equivalent water thickness and LA (Figure 6A).

For leaf chemical traits, PC1 and PC2 explained 80.7%
of the variation collectively (Figure 6B). The leaf N:P
ratio and LCC were the dominant contributors along PC1,
while LPC and LNC were the main contributors to PC2,
together explaining differences between small and large
tree species. For photosynthetic physiological traits, PC1
and PC2 accounted for 40.5% and 33.8% of the variation,
respectively (Figure 6C). Along PC1, SPAD and G, had the
largest positive loadings, while along PC2, C, and P, had
loadings of opposite sign (C, negative, P positive) (Figure
6C). When integrating all traits, PC1 and PC2 highlighted
distinct trade-offs between large and small tree species.
PC1 was predominantly influenced by all chemical traits and
structural traits (SLA, equivalent water thickness), while PC2
was primarily associated with physiological traits (P, C, G)
and LDMC (Figure 6D).

DISCUSSION

In this study, we hypothesized that large and small
deciduous broadleaf trees differ in the variation, relationships,
and trade-offs of leaf traits. To test this, we classified tree
species by size (large and small) and examined their leaf
traits. Distinct leaf trait strategies were observed among
species. In general, small trees tended to exhibit higher SLA,
LNC, and leaf N:P, but lower LA, equivalent water thickness,
and LPC (Table 1, Figure 2). Some species, however,
deviated from this general trend. For example, the small tree
species Styphnolobium japonicum exhibited the lowest LNC
across all measured trees, likely reflecting its adaptation to
nutrient-poor soils and a conservative nutrient-use strategy
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Figure 6: Principal component analysis (PCA) of leaf traits
across different growth forms. Panels show ordination based
on (A) leaf structural traits, (B) chemical traits, (C) photosynthetic
physiological traits, and (D) all traits. Pink arrows represent the
principal component loadings, indicating the contribution of each
leaf trait to the principal components. The points represent individual
tree species projected onto the principal component space. Samples
are plotted in the two-dimensional space defined by the first two
principal components (PC1 and PC2). The percentages shown on
the axes indicate the proportion of the total variance in the dataset
explained by each principal component. The circles represent 95%
confidence ellipses for each group, calculated from the covariance
of the samples within each group. The orange axes represent the
variable loadings, showing how each trait contributes to PC1 and
PC2.

that emphasizes leaf longevity rather than rapid growth (17).
In contrast, the large tree species Magnolia denudata showed
the smallest LA across all measured trees, a trait consistent
with shade-tolerant strategies and structural adaptations to
low-light conditions, where smaller leaves help reduce water
loss while maintaining efficient light capture under the canopy
(18).

Large tree species demonstrated significantly greater
LA and equivalent water thickness compared to small tree
species (Figure 2). This finding suggests that large trees
optimize photosynthetic efficiency through larger leaves,
while small tree species reduce leaf area to minimize
water loss under high light intensity (19). These results are
consistent with prior studies on leaf trait adaptations (5,12,
20). Additionally, small tree species exhibited higher SLA and
LNC, reflecting a strategy favoring rapid growth and resource
acquisition (Figure 2). Previous studies did not report
consistent LNC differences between smaller and larger trees
(1, 13, 14). This may reflect species- or site-specific allocation
strategies in response to light and nutrient availability. These
resource-acquisitive traits are characteristic of plants adapted
to fluctuating resource environments (2, 3, 21). Small trees
have been shown to exhibit higher P, C, and G, compared
to large trees, highlighting adaptive strategies to maximize
carbon gain under fluctuating light and resource-abundant
environments (22). These observations underscore the
ecological divergence between large and small trees, with
growth forms driving functional trait variation and contributing
to ecosystem stability (23).
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The relationships between leaf traits varied between large
and small deciduous tree species. For large trees, equivalent
water thickness showed significant positive relationships
with P and G_ (Figure 4). In contrast, small tree species
exhibited significant positive correlations between LDMC
and P, as well as between LDMC and C, (Figure 3). These
patterns suggest that small trees optimize photosynthesis
by balancing structural investments and physiological
performance, consistent with the trade-off framework (24). In
small trees, both LPC and LCC were positively correlated with
P, whereas in large trees, only LPC exhibited a significant
positive correlation with P, (Figure 3). This difference may
reflect the critical role of phosphorus in photosynthesis, as
it is essential for the synthesis of adenosine triphosphate,
energy production, and the formation of genetic material
(25). In contrast, the influence of LCC on P, appears more
pronounced in small trees, possibly because small trees
allocate more carbon resources to leaf construction than
large trees to maximize photosynthetic capacity (26).

SLA was positively correlated with LCC, LNC, and leaf
N:P in small trees, where higher SLA indicates thinner leaves
and larger leaf areas, facilitating increased photosynthetic
efficiency and resource capture (Figure 3) (27). These
morphological traits enable small tree species to optimize
resource acquisition in competitive environments (28).

The trade-offs between different growth forms underscore
the diversity of strategies for resource acquisition and
environmental adaptation. Our results suggest a distinct trade-
off between SLA and P_in small trees species, which supports
a preference for rapid resource acquisition at the expense
of structural stability (29). These findings are consistent
with the leaf economics spectrum theory, which describes
a continuum of plant strategies ranging from conservative,
resource-conserving traits to acquisitive, rapid-growth traits
(12). Small trees exhibited higher LCC, which was positively
correlated with photosynthetic traits such as P, and G
(Figure 2A, 3). These traits indicate an emphasis on nutrient
allocation for rapid metabolic activity and photosynthesis,
favoring short-term resource acquisition (24, 30). In contrast,
large tree species showed higher LPC, supporting enzymatic
and metabolic processes associated with long-term resource
conservation and utilization efficiency (31).

PCA of structural traits suggested that large and small
trees may adopt divergent functional strategies. Large trees
tend to invest in traits related to stability and water retention,
which could reflect a resource-conservation strategy that
helps them withstand environmental stresses such as
drought or mechanical damage (14, 21). In contrast, small
trees appear to emphasize higher SLA, which may support
rapid carbon assimilation and growth to compete for light in
dense stands, reflecting an adaptive strategy for optimizing
resource use efficiency and maintaining structural integrity
(5, 14). These patterns highlight a possible trade-off between
fast growth and conserving resources, showing how a tree’s
size may affect how it distributes resources to survive and
thrive under changing environmental conditions (3, 11).

Several limitations should be acknowledged. First, only
12 key traits were analyzed, excluding factors such as leaf
mechanical strength and hydraulic properties, which could
offer a fuller view of plant strategies (32). Second, the study
relied on data from a single urban area and a one-time survey,
limiting generalizability and causal inference; multi-site,
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longitudinal studies are needed to reveal the mechanisms
driving trait variability (33).

The study highlights the variability and adaptive strategies
of leaf functional traits across tree growth forms. Previous
research has shown that trees with high LDMC and low SLA
are more resilient to urban stressors like heat and pollution
(34). Moreover, previous studies suggest that species with
higher photosynthetic capacity and water-use efficiency may
better tolerate fluctuating water availability (35). Although
water availability dynamics were not explicitly evaluated
here, the trait patterns observed are consistent with previous
findings indicating that large trees with resource-conserving
traits tend to thrive in stable urban settings, while smaller
trees may support rapid canopy development in disturbed
areas, potentially contributing to urban heat island mitigation
(35). Understanding these functional traits can guide
species selection in urban planning, enhancing green space
resilience. Fast-growing species may be suitable for rapid
vegetation establishment, and diverse mixes can maximize
ecosystem services, including temperature regulation, carbon
sequestration, and air purification (36).

MATERIALS AND METHODS
Study area overview

The study was conducted in Zhengzhou, Henan Province,
China (34°16'-34°58'N, 112°42'-114°14'E). The region has
a warm temperate continental monsoon climate, with an
average annual sunshine duration of 1904.7 hours and an
average temperature of 15.4°C. The annual average frost-
free period is 212.6 days, with an annual precipitation of
approximately 632.4 mm, primarily concentrated from June to
August (37).

Sample collection

Sample collection was carried out between June and
July 2024 in Longzi Lake Park, Zhengzhou, China (Figure
1). Based on a comprehensive field survey, ten deciduous
broadleaf tree species were selected to represent two distinct
growth forms: large trees, defined as woody plants with DBH
> 5cm and height (H) = 5m, and small trees, defined as
woody plants with DBH < 5 cm and H < 5 m (38). Large tree
species included Magnolia denudata, Koelreuteria paniculata,
Platanus orientalis, Ginkgo biloba, and Pterocarya stenoptera,
while small tree species comprised of Syringa oblata, Cercis
chinensis, Styphnolobium japonicum, Prunus cerasifera, and
Prunus serrulata var. lannesiana.

For each tree species, six healthy, mature individuals
exhibiting uniform growth were selected. Sampling involved
selecting five branches from four cardinal directions
(east, west, south, and north) on each individual tree. For
each branch, 10 healthy, fully expanded, pest-free leaves
were collected, resulting in 50 leaves per tree. Samples
were immediately placed in sealed, moistened bags and
transported to the laboratory under cool conditions (4—8°C)
to minimize physiological changes before analysis.

Measurement of leaf chemical traits

LCC, LNC, LPC and leaf N:P ratios were measured
using ground leaf samples. LCC was measured via external
heating with potassium dichromate (K,Cr,0,) (41). Briefly,
0.200 g of ground leaf sample was digested with 10 mL of
0.8 mol-L" K,Cr,0, and 10 mL of concentrated sulfuric acid
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(98% H2S04) in a digestion tube. The mixture was heated at
170°C for 30 minutes to oxidize organic carbon. After cooling,
the digest was diluted to 100 mL with distilled water, and
the excess dichromate was titrated with 0.2 mol-L" ferrous
sulfate (FeSO,) using ferroin as an indicator (39). LNC was
determined using the Kjeldahl digestion method (40). About
0.300 g of dried leaf sample was digested with 10 mL of 98%
H,SO, and a catalyst mixture [potassium sulfate (K,SO,)
and copper sulfate (CuSO,), 10:1] at 420°C for 1 hour. After
cooling, the digest was neutralized with sodium hydroxide
(NaOH), distilled to release ammonia, which was trapped
in 2% boric acid (H3BO3), and titrated with 0.01 mol-L"
hydrochloric acid (HCI) (40). LPC was measured using the
molybdenum-antimony colorimetric method (42). Samples
were digested with 98% H,SO,, followed by the gradual
addition of hydrogen peroxide (30% H,O,) until the solution
became clear. The digested samples were then mixed with
a colorimetric reagent containing ammonium molybdate
[(NH,)Mo,0,,-4H,0, 35.6 g-L"] and potassium antimony
tartrate (C,H,KO,Sb, 3 g-L” in 1 mol-L" H,SO, followed by
reduction with ascorbic acid (C,;H,O,, 18 g-L"). The resulting
blue complex was measured spectrophotometrically at 880
nm using a UV-Vis spectrophotometer (Shimadzu UV-2600,
Shimadzu Corporation, Japan), and LPC was calculated from
a standard calibration curve prepared with known phosphate
standards (40). The leaf N:P ratio was calculated as: Leaf N:P
=LNC (mg-g")/LPC (mg-g”).

Measurement of leaf structural traits

Four leaf structural traits (LA, SLA, equivalent water
thickness, and LDMC) were measured following standardized
protocols for plant functional traits (16). Specifically,
fresh weight was measured after removing petioles using
an electronic balance (accuracy: 0.1 mg). For leaf area
measurement, leaves were flattened and scanned using a
Lide 400 scanner (Canon, Japan), and the scanned images
were analyzed using ImagedJ (version 2) software (41).
The scanned leaves were then oven-dried at 75°C until no
more change in mass was observed. SLA, equivalent water
thickness, and LDMC were determined using the following
equations:

SLA =LA (cm?) / leaf dry mass (g)

Equivalent water thickness = (leaf fresh mass (g) — leaf dry mass (g)) / LA (cm?)

LDMC = leaf dry mass (g) / leaf saturated fresh mass (g)

Measurement of photosynthetic traits

Photosynthetic traits (P, C, and G,) were measured
under clear, windless conditions using an LCPro-SD portable
photosynthesis system (ADC BioScientific, UK) according to
the manufacturens instructions. Measurements were taken
between 8:00 and 18:00 at 2-hour intervals, using three sun-
exposed leaves per tree at each time point; different leaves
were measured each time, and the mean value was used. For
each species, five sunlit, fully expanded, and healthy leaves
were selected from a representative tree. Measurements
were repeated three times per leaf, and the average value
was recorded. Additionally, SPAD was measured using a
SPAD-502 plus chlorophyll meter (Konica Minolta, Japan),
which provides a unitless index indicating relative chlorophyll
concentration based on leaf greenness. For each leaf, three
SPAD readings were taken at different positions avoiding the
midrib, and the average value was calculated. Measurements

https://doi.org/10.59720/25-029

Shapiro-Wilk test

Levene's test

Type Leaf trait (unit) Large trees Small trees
w 2 w P F [?

LA (cm?) 0.764 <0.007 0.886 0.004 1.777 0.127
Structural traits SLA (cm?g") 0.927 0.042 0.920 0.028 0.173 <0.001
EWT (g-cm?) 0.958 0.278 0.957 0.262 6.510 <0.001

LDMC (g-g”") 0.907 0.012 0.914 0.019 1.229 0.582

LCC (mg-g) 0.892 0.005 0913 0018 1.801 0.836
Chemical traits LNC (mg-g") 0.942 0101 0.899 0.008 0.052 < 0.001
LPC (mg-g') 0.898 0.007 0.942 0.102 1.363 0.409
leaf N:P 0.900 0.008 0.867 0.001 0.077 <0.001

SPAD 0.967 0.459 0.958 0.267 0.941 0.871
Photosynthetic traits Pn(umol-m2-s1) 0.909 0.014 0.903 0.010 0.571 <0.001
C(umol'm2-s') 0950 0.173 0853 0.001 1.988 0.069

Gs(umol'm2:s')  0.896 _ 0.007 _0.941 0.097 0.517 _ 0.081

Table 2: Normality and homoscedasticity tests for trait
datasets (n = 30). Normality was assessed with the Shapiro—Wilk
test, reporting the statistic W and p. Homogeneity of variances was
assessed with Levene’s test, reporting the statistic F and p for the
comparison between large and small trees. For the Shapiro—Wilk
test, p = 0.05 indicates the leaf trait is normal within small trees or
large trees; for the Levene’s test, p 2 0.05 indicates equal variances
between small trees and large trees.

were conducted between 09:00 a.m. and 11:00 a.m., with
each measurement performed on a different leaf.

Data analysis

The normality of residual distributions and
homoscedasticity of variances were examined for all datasets
prior to statistical analyses (Table 2). Non-normal data were
log-transformed before further tests. Differences between
groups for each leaf trait were tested using two-sample
t-tests (42). Pearson correlation analysis (two-tailed) was
used to examine pairwise relationships among traits, using
t-distribution with (n-2) degrees of freedom. Linear regression
analyses, following logarithmic transformations of the data,
were conducted to explore functional trait dependencies, with
model evaluation based on the estimated slope, p-value, and
coefficient of determination (R?) (43).

Prior to PCA, all variables were standardized to a mean of
0 and a standard deviation of 1 using Z-score transformation
(subtracting the mean and dividing by the standard deviation).
We conducted four separate PCAs: leaf structural traits,
chemical traits, photosynthetic physiological traits, and all
traits combined. For each PCA, the eigenvalues and the
proportion of variance explained were used to determine
the number of principal components to retain, following the
Kaiser criterion (eigenvalue > 1). The loadings of the retained
components were examined to interpret the relationships
among variables. For visualization, the first two principal
components (PC1 and PC2) were retained in each PCA,
representing the main axes of trait variation across species.
All statistical analyses and figure generation were performed
using OriginPro 2024 (OriginLab Corporation).
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