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Abstract 

Background  Aridity acts as a strong environmental filter for plants and is predicted to intensify in the future, result-
ing in changes to leaf functional traits. However, few studies explore how interactions of multiple traits result in leaf 
trait tradeoff strategies along an aridity gradient, and whether trait separation occurs with increasing aridity inten-
sity. This study examines the impact of long-term aridity on 14 plant leaf traits in two arid areas (arid and hyper-arid) 
in the Hexi Corridor, China. A leaf trait network (LTN) was constructed to study how leaf trait tradeoff strategies differ 
between the two areas. Structural equation modeling (SEM) was used to identify the direct and indirect effects 
of aridity and functional diversity (as measured by community weighted means and functional dispersion) on leaf 
nutrient concentration.

Results  LTN shows trait separation, poor synergy among traits, and low resource utilization. Correlation analyses 
showed that the mass ratio hypothesis is dominant, and aridity is positively correlated with leaf relative water content 
(RWC) and leaf phosphorus content, and negatively correlated with leaf nitrogen content (LNC). SEM results indicated 
that LNC is directly affected by aridity, RWC, leaf carbon content, and plant height. Aridity and functional dispersion 
directly affects leaf phosphorus content.

Conclusions  Results indicate that increasing drought weakens plant coordination among specific traits, 
and the main change in plant trait tradeoff strategies is reflected in the separation of nutrient traits. Exploring 
the change of the tradeoff among traits along the aridity gradient can better understand the adaptation process 
of plants to aridity and the process of community function change.

Keywords  Aridity, Trait tradeoff strategy, Leaf trait network, Community weighted means, Structural equation model, 
Hexi Corridor

Introduction
As aridity increases due to climate change, it is crucial 
to understand how plant traits and ecosystem functions 
shift along aridity gradients, especially in drylands [1, 2]. 
Drylands already cover a significant portion of Earth’s 
ecosystems, and their extent is expected to increase 
with further climate change. Increasing aridity is known 
to drive shifts in plant trait values, particularly in traits 
related to water use efficiency and nutrient acquisition 
[3]. To better understand how traits covary under arid-
ity, it is essential to examine functional traits through 
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community metrics such as CWM and FDis. [4]. Two 
key community metrics, CWM and FDis, are commonly 
used to describe the functional traits of biological com-
munities [5]. CWM provides insight into the dominant 
traits in a community [6], capturing how environmental 
factors, such as aridity, influence trait shifts in response 
to selection pressures [4]. The mass ratio hypothesis 
suggests that the traits of dominant species determine 
the impact of plant communities on ecosystems [7, 8]. 
Functional dispersion (FDis) measures the average dis-
tance between a species and others in a trait space, which 
reflects the extent of functional differences among com-
munities [9] and how traits change along ecological gra-
dients [10, 11]. The niche complementary hypothesis 
says that high functional dispersion means high niche 
differentiation, with species using different strategies for 
resources [12–14]. As aridity increases, vegetation struc-
ture [10, 15], composition [9, 16–18], and plant strategies 
adapt [19, 20], with significant effects on key elements 
like carbon, nitrogen, and phosphorus in desert ecosys-
tems [21–24]. Aridity is a key environmental filter that 
influences ecosystem processes, community structure 
[25–27], and plant trait strategies, shifting from resource 
acquisitive to resource conservative strategies [28, 29], 
yet few studies examine how these strategies change 
along an aridity gradient.

Functional traits are essential for evaluating plant 
adaptations, particularly in response to aridity, and pro-
vide insights into shifts in resource acquisition strategies 
[30], and leaf functional traits determine the rate of plant 
resource capture and utilization, they are variations can 
reflect patterns of resource allocation or trade-offs among 
different plant strategies [31]. Plant trait network analy-
sis (PTNs) can be used to test hypotheses for how trait 
correlations may shift across communities that differ in 
climate, species, functional richness and/or productivity. 
PTNs can quantify the overall structure of trait networks 
that constitute the functional strategies of populations, 
species, or communities, providing a means for integrat-
ing trait functions at larger scales. In these networks, 
traits are visualized as ‘nodes’ and statistical correlations 
between traits as connections. This method can calculate 
parameters that describe the connectivity and complex-
ity of the network, including the design of characteristic 
functional modules [32]. Recent studies highlight the 
potential of leaf trait networks (LTNs) to visualize and 
quantify the relationships among plant traits, especially 
in response to environmental stressors like aridity [32–
34]. Plants can adapt to drought according to multiple 
strategies (‘avoidance’ or ‘resistance’) adaptation to lower 
resources or stress would tend to result in a greater inde-
pendence of traits, and fewer trait correlations. Topologi-
cal roles of traits in LTN were identified by three node 

parameters: degree, closeness and betweenness [35]. The 
hub trait with a higher degree and closeness means that it 
has many connections with other traits and has a strong 
effects on the phenotype of the overall plant community 
[34].To quantify the complex relationships between traits 
by four overall parameters diameter, average path length, 
average clustering coefficient, and modularity, LTNs 
provide insights into trait interdependence and segrega-
tion across environments. Sub-networks, or modules in 
LTNs, with strong internal trait connections and mini-
mal external links, suggest the formation of independent 
trait dimensions, which may reflect functional separation 
under varying environmental conditions [36]. Conse-
quently, LTNs can test shifts in correlative traits occur-
ring across environments that are decoupled in moister 
regions but coupled in drier regions [37, 38].

The changes in plant functional traits in arid ecosys-
tems are closely related to global climate gradients. For 
example, in a study conducted in China, as the latitude 
changes from cold northern forests to warm, moist tropi-
cal forests, the connectivity and complexity of PTNs 
gradually increase, and species richness also increases 
accordingly [39, 40]. This trend aligns with our under-
standing of plant functional traits in arid regions, where 
plant communities exhibit different functional character-
istics under increasing aridity, which may influence the 
overall function of the ecosystem. Furthermore, global-
scale studies have found that for woody plants, the con-
nectivity and complexity of trait networks are lower in 
polar regions, which is consistent with the trends of trait 
separation and functional changes in arid ecosystems, 
suggesting that plant functional traits may be more lim-
ited under extreme climatic conditions [34]. The com-
munities in more arid environments show a lower degree 
of phenotypic integration, consistent with the aforemen-
tioned studies [41]. By integrating these studies, we can 
better understand how plant functional traits change 
under different climatic conditions, especially the charac-
teristics of trait networks in extreme environments such 
as arid regions, and their impact on ecosystem function.

The Hexi Corridor is a typical arid region in northwest-
ern China with a decreasing precipitation gradient run-
ning from southeast to northwest. It is a typical desert 
ecosystem, and is characterized by limited precipitation 
and low vegetation cover [24], which consists mainly of 
annual and perennial species [42]. The elucidation of 
network of plant functional traits in desert ecosystems 
is important to clarify the response of the ecosystem to 
the increasing stress of drought. Here, we constructed 
a LTN and used structural equation modeling (SEM) to 
evaluate variation in trait tradeoff strategies occurring 
with increasing aridity and to identify potential effects 
of aridity on leaf functional traits in the drylands of the 
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Hexi Corridor. We propose two hypotheses: 1) Trait seg-
regation occurs in LTNs with increasing aridity, driven 
by shifts in hub traits such as total water content to leaf 
succulent degree, and the functional separation of leaf 
nitrogen and phosphorus content.2) CWM more effec-
tively explains trait segregation and ecosystem function 
changes than FDis, as it is strongly associated with arid-
ity and reflects shifts in specific traits such as leaf relative 
water content, nitrogen, and phosphorus content.

Materials and methods
Study area and aridity gradient
This study was carried out in Hexi Corridor (appx. 27.6 
× 104 km2), Gansu Province, China, extending from 
southeast to northwest. The study area is located at 
37°38′–40°36′ N, 94°55′–103°39′ E, and elevation in 
this region ranges from 1067 m – 1790 m. The sampling 
sites were set up along the decreasing precipitation gradi-
ents (southeast to northwest) of the Hexi Corridor. Field 
data were collected from 15 dryland sites dominated by 
annual and perennial species along a regional aridity gra-
dient, comprising hyper-arid and arid areas (Fig. 1).

We used the aridity index (AI) to describe the aridity 
gradient. AI data from 1970–2000 were retrieved from 
the Global Aridity Index and Potential Evapotranspira-
tion Climate database (https://​cgiar​csi.​commu​nity/​data/​
global-​aridi​ty-​and-​pet-​datab​ase) [43, 44]. The aridity 

level of each site was calculated as 1—AI and ranged from 
0.84 to 0.98 [45] Mean annual precipitation (30 yrs. Aver-
age; https://​world​clim.​org/​data/​world​clim21.​html) varied 
from 39 to 260 mm (mean:125 mm), and mean annual 
temperature (30 yrs. Average) varied from 5℃ to 10℃ 
(mean: 7.8℃).

To minimize the potential impacts of human activ-
ity and other disturbances on soil and vegetation, only 
sampling sites under pristine or unmanaged conditions 
and without visible signs of domestic animal grazing, 
grass/wood collection, engineering restoration, or infra-
structure construction were selected. Sampled soil was 
dry and sites had not received precipitation for at least 
3  days prior to sampling. According the aridity index, 
the sampling sites encompass two aridity types: arid and 
hyper-arid. The arid area (0.8 < AI < 0.95) is character-
ized by loamy desert soil and is dominated by perennial 
species Reaumuria songarica, Artemisiasphaerocephala, 
and Calligonum mongolicum followed by annual spe-
cies Bassia dasyphylla. The hyper-arid area (AI > 0.95) 
is characterized by a mix of gravel and loamy desert soil 
and is dominated by perennial species Lycium rutheni-
cum, Hexinia polydichotoma, and Phragmites australis. 
The selected plant species were validated by Prof. Shanjia 
li, and voucher specimens were deposited in the Herbar-
ium, Institute of Botany, Chinese Academy of Sciences. 
The species information is detailed in Table A1.

Fig.1  Map with the location the study sites along the aridity gradient

https://cgiarcsi.community/data/global-aridity-and-pet-database
https://cgiarcsi.community/data/global-aridity-and-pet-database
https://worldclim.org/data/worldclim21.html
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Vegetation sampling
Vegetation sampling was conducted at the peak of 
standing biomass from August–September 2020. At 
each site, five 20 m × 20 m quadrats were established, 
each separated by 10 m. Three 5  m × 5 m plots were 
randomly selected from each quadrat, and the density, 
coverage and height of plants were recorded. We calcu-
lated the importance value of each plant plot with the 
formula: importance value = (relative density + relative 
coverage + relative height)/3 [46]. Finally, leaves of 27 
dominant species with important values > 0.1 in vari-
ous communities were sampled. 10–30 leaves of each 
species with good growth, no disease or insect bites 
were randomly collected, put them into plastic bags 
in the incubator, and take them back to the laboratory 
for analysis and testing. We used a soil sampler to ran-
domly collect 3–5 soil samples at depths between 5–20 
cm. We sampled a total of 225 plots in 75 quadrats.

Leaf functional traits and functional diversity
Functional traits associated with leaf and plant growth 
of dominant species (27 species total) were meas-
ured for 10–30 leaves belonging to each species in 
each plot across both desert types. Fresh weight (FW) 
was determined immediately after the samples were 
brought back to the laboratory, and dry weight (DW) 
was recorded after the samples were dried to constant 
weight at 75℃. After soaking in deionized water for 
4  h, wipe the moisture off the leaf surface with a tis-
sue and measure its saturation weight (SW). Leaf bound 
water (BW) and leaf free water (FW) were determined 
by Singh [47]. Specific leaf area was the leaf area per 
dry mass and determined by scanning fresh and flat 
leaves and using the ImageJ software. Specific leaf vol-
ume (SLV) was the leaf area per dry mass and meas-
ured by the drainage method. Total water content 
(TWC) = (FW-DW)/DW. Leaf relative water content 
= (FW-DW)/(SW-DW) × 100. Leaf dry matter content 
= DW/SW × 100. Leaf thickness was measured using a 
vernier caliper. Leaf succulent degree was the weight of 
the leaf per unit area. Leaf carbon content (LCC) was 
determined using the potassium dichromate-sulfuric 
acid method. Leaf nitrogen content (LNC) was meas-
ured by an semi-automatic Kjeldahl nitrogen analyzer 
(Hanon K9840, Jinan, China). Leaf phosphorus content 
(LPC) was determined using molybdenum antimony 
colorimetry. Other traits are BW/FW and plant height. 
These Functional traits were determined using methods 
described by Cornelissen and Perez-Harguindeguy [48, 
49]. All abbreviations with plant traits are detailed in 
Table A2.

Soil properties
Soil organic carbon (SOC) was determined using the 
external heating method of potassium dichromate. Alkali-
hydrolyzed nitrogen (AN) and total nitrogen (TN) were 
determined using the diffusion method, and the semi-
automatic Kjeldahl procedure on an auto analyzer (Hanon 
K9840, Jinan, China), respectively. Total phosphorus (TP) 
and available phosphorus (AP) were determined using 
molybdenum antimony colorimetry after NaOH melting 
and 0.5 mol·L−1 NaHCO3 extraction, respectively. Total 
potassium (TK) and available potassium (AK) were deter-
mined using flame spectrophotometry after NaOH melt-
ing and 1  mol·L−1NH4OAc extraction, respectively. Soil 
moisture content (SW) was determined using the drying 
method. Electrical conductivity (Ec) and pH were deter-
mined using a PHS-3D pH meter produced by Shanghai 
Precision Scientific Instruments Co., LTD [50]. These soil 
properities were determined using methods described 
by Zhang [51]. All abbreviations with soil properties are 
detailed in Table A2.

Construction and parameters of leaf trait networks
According to the construction method proposed by He 
[32], a leaf trait network was constructed by taking traits as 
nodes and the relationships between traits as edges. Plant 
trait tradeoff strategies were quantified using Pearson cor-
relations among leaf traits. To avoid considering spurious 
correlations among traits, we selected a threshold (|r|> 
0.2, P < 0.05) to determine whether there was a correlation 
between traits. All correlations above the threshold were 
set to 1 and those below the threshold were set to 0, yield-
ing the adjacency matrix A = [ai, j] with ai, j ϵ [0, 1]. Positive 
and negative correlations in the adjacency matrix were also 
assumed to indicate synergistic and trade-off relationships, 
respectively.

We calculated degree (Ki), closeness (Ci), and between-
ness (Bi) to identify the topological roles of different traits 
in LTN. Degree quantifies all the edges that connect the 
trait. The trait with a high degree in the trait network rep-
resents that it is more connected to other traits, is con-
sidered as the hub trait in the trait network. Closeness is 
the reciprocal of the mean shortest distance between the 
trait and all other traits. The traits with high closeness are 
closely related to other traits. Betweenness is the num-
ber of all shortest distances that pass through the trait. 
The higher betweenness of a trait means that the trait is a 
bridge connecting functional modules and can coordinate 
the relationship among functional modules. The specific 
parameter calculations are as follows:

Ki =
j�=i

aij
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where Ki is the degree of trait i, aij is the strength of the 
relationship between trait i and j.

where Ci is the closeness of trait i, dij is the shortest dis-
tance between trait i and j, and n is the number of traits 
in trait network.

where Bi is the betweenness of trait i, (j,i,k) is the num-
ber of shortest distances between trait j, and trait k that 
crossed trait i.

To describe the overall topological relationship 
of LTN, we calculated two parameters to quantify 
its tightness, namely diameter (D) and average path 
length (AL), and two parameters to quantify its com-
plexity, namely average clustering coefficient (AC) 
and modularity(Q). Diameter and average path length 
quantify the tightness of trait network. Diameter is the 
maximum and shortest distance between any two con-
nected traits in the trait network. Average path length 
is the mean shortest path between all traits in the trait 
network. Lower diameter and average path length mean 
better synergy between traits, which make plants more 
efficient in resource use or production. Average cluster-
ing coefficient and modularity quantify the complexity 
of trait network. Average clustering coefficient is the 
average clustering coefficient of all traits, where the 
clustering coefficient of the trait is the ratio between 
the number of actual connected edges and the maxi-
mum number of theoretical connected edges among 
all adjacent traits of the trait. The higher the average 
clustering coefficient, the better the synergy among 
the traits, and the higher the differentiation of the leaf 
function. Modularity is used to quantify how well a 
trait covaries, and how well it is separated between dif-
ferent functional modules. A higher modularity means 
that the module is more connected internally, less con-
nected externally and has more functional modules. 
The specific parameter calculations are as follows:

where D and AL are the diameter and average path length 
of trait network, respectively, dij is the distance between 
trait i and j, and n is the number of traits in trait network.

Ci =
n− 1

∑n−1
j=1 dij

Bi =
∑

jk
σ
(

j, i, k
)

D = max
{

dij
}(

i �= j
)

AL =
1

n(n− 1)

∑

i �=j
dij

where AC is the average clustering coefficient of trait net-
work, li is the number of edges between adjacent traits of 
trait i, and ti is the number of adjacent traits of trait i.

where Q is the modularity of trait network, m is the num-
ber of edges, Aij is the element of the A adjacency matrix 
in row i and column j, ki is the degree of i, kj is the degree 
of j, if j is the same as i, then τ is 1, otherwise it’s 0.

We evaluated the stability of the trait centrality by 
using case-dropping bootstrap, with resampling times 
n = 1000 in each step of case dropping, and computed 
the resulting average correlations. Correlation Stabil-
ity coefficient (CS-coefficient) was used to assess this 
stability, indicating the maximum percentage of cases 
that could be randomly dropped while retaining results 
comparable to the original with a correlation coefficient 
on average above 0.7 (a default threshold) with a 95% 
confidence interval. These examinations were facili-
tated by the “BOOTNET” R package [52].

Statistical analysis
The LTN was constructed and visualized using the 
“igraph” package [53] in R. To obtain uncertainty ranges 
of these parameters, we randomly resampled plant spe-
cies 9999 times, and an LTN was established for each 
bootstrapping. Multi-trait FDis was computed for three 
leaf traits (RWC, LNC and LPC) that are closely asso-
ciated with aridity [54]. All calculations of functional 
diversity metrics were done using the dbFD function 
of the “FD” package [55] in R [56]. We also tested the 
significance of Spearman correlations among single-
trait CWMs and FDis, multi-trait FDis, aridity, and soil 
properties, and used the chart. Correlation function 
of the “PerformanceAnalytics” package [57] for corre-
lation analysis in R. We created an initial SEM (Figure 
A6) and analyzed the direct and indirect effects of arid-
ity, single-trait CWM, and multi-trait FDis functional 
metrics. The best-fit SEM model was assessed using 
the Chi-square test (χ2), Root mean square residual 
(RMR), the Root mean square error of approximation 
(RMSEA), Comparative fit index (CFI), and the Tucker-
Lewis index (TLI), we used the AMOS 26.0 package to 
perform SEM and determine χ2, RMR, RMSEA, CFI 
and TLI [58].

AC =
1

n

∑n

i=1

2li

ti(ti − 1)

Q =

∑

[(

Aij −
kikj
2m

)

τ

]

2m
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Results
The diameter, average path length, average clustering 
coefficient, modularity, and number of modules in the 
LTN varied across arid and hyper-arid areas (Fig.  2a-
c, Table  1). The hyper-arid area had a larger diameter 
(3), average path length (1.60), and modularity (0.09), 
but lower average clustering coefficient (0.58) than the 
arid area (Table 1). However, the total area had the low-
est average path length (1.35). In total area, total water 
content showed the highest connectivity (i.e., the best 
degree, closeness, and betweenness), followed by leaf dry 
matter content (Figure A1a, d, j), but leaf nitrogen and 
phosphorus content were not significantly associated 
with other modules. In the arid area, total water content 
showed the highest connectivity, followed by leaf carbon 
content, leaf dry matter content (Figure A1b, e, h). In the 
hyper-arid area, leaf succulent degree, showed the high-
est connectivity, followed by specific leaf volume, total 
water content, leaf dry matter content (Figure A1c, f, i), 
but leaf phosphorus content was the only module that 
was not significantly associated with other modules.

A CS-coefficient over 0.35 indicates a high reliability 
of trait degree closeness and betweenness of arid and 

total areas. The trait degree closeness and betweenness 
of hyper-arid areas showed a somewhat more sensitive 
response to case-dropping, with a CS-coefficient less 0.1 
(Figure A2).

CWM analysis found that aridity was positively corre-
lated to leaf relative water content, leaf phosphorus con-
tent, AN (P < 0.05), and TN (P < 0.05), and was negatively 
correlated with leaf nitrogen content (Fig.  3, P < 0.05). 
Leaf nitrogen content was negatively correlated with leaf 
carbon content (P < 0.01), leaf relative water content, 
leaf phosphorus content, height, and TN (P < 0.05). Leaf 

Fig. 2  LTN for fourteen functional traits in arid and hyper-arid areas (a, arid area; b, hyper-arid area; c, total area). Different colors distinguish 
different functional modules

Table 1  Variation in leaf trait network-level parameters between 
arid and hyper-arid areas

Area Diameter Average 
path 
length

The average 
clustering 
coefficient

Modularity

Arid areas 2 1.58 0.64 0.07

Hyper-arid 
areas

3 1.60 0.58 0.09

Total areas 2 1.35 0.74 0.05
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carbon content was positively correlated with height (P 
< 0.01). Leaf relative water content was positively corre-
lated with AN (P < 0.05). Spearman correlations of soil 
properties and functional traits are presented in Fig-
ures  A3 and A4. Multi-trait FDis was positively associ-
ated with leaf phosphorus content and height (Fig. 3, P < 
0.05). Single-trait FDis did not have significant correla-
tion with aridity (Figure A5).

The model that included aridity, FDis, leaf relative water 
content, height, leaf phosphorus and carbon content 
was the best fit χ2 = 1.44, P = 0.99; RMR = 0.04; RMSEA 
= 0.00; CFI = 1.00; TLI = 1.49 (Table  A3) and explained 
86% of the variance in leaf nitrogen content (Fig. 4). SEM 
showed that aridity, leaf carbon content, and leaf rela-
tive water content had a negative direct impact on leaf 
nitrogen content (Table  2). Increasing aridity directly 
increased leaf relative water content and leaf phosphorus 
content, but did not affect FDis. FDis had positive direct 
impacts on leaf phosphorus content and positive indirect 
impacts on leaf nitrogen content via positive influence on 
height and leaf carbon content. Increasing height directly 

increased leaf carbon and nitrogen content but its nega-
tive total impact on leaf nitrogen content (Table 2).

Discussion
As a hub trait of plant response to aridity, leaf succu-
lent degree refers to the amount of water storage capac-
ity in the leaves themselves, high leaf succulent degree 
is usually a typical characteristic of slow-growing or 
pressure-tolerant species, low leaf succulent degree is 
a typical characteristic of fast-growing species [17]. As 
aridity intensifies, the hub trait of LTN changes from total 
water content to leaf succulent degree. This shift suggests 
that plants in hyper-arid regions rely more on water stor-
age in their leaves to cope with prolonged drought condi-
tions. A high leaf succulent degree allows plants to store 
more water, helping them endure dry periods. This trait 
indicates plants’ability to thrive under stress, suggesting 
that in hyper-arid areas, ecosystem services related to 
water retention, carbon sequestration, and biodiversity 
maintenance are potentially enhanced by the prevalence 
of succulent species. Although hub traits varied with 

Fig. 3  Spearman correlations of aridity, multi-trait FDis, single-trait CWMs and soil properties. See Figure A3 and A4 for more information on soil 
properties and functional traits
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aridity, total water content and leaf dry matter content 
were consistently at the center of leaf trade-off strategies. 
Total water content represents the total amount of water 
stored in the plant, while leaf dry matter content refers to 
the accumulation of non-water substances in the leaves, 
which reflects the plant’s biomass. In arid environments, 
plants need to maintain adequate water storage (total 
water content) while also ensuring enough leaf dry mat-
ter content to sustain photosynthesis, drought resistance, 

and growth. The stability of total water content and leaf 
dry matter content indicates that these two traits are 
critical for plant growth, survival, and adaptation to 
drought. They help regulate plant physiological functions 
through water and biomass management, thus affecting 
overall ecosystem stability. The result suggests that total 
water content and leaf dry matter content are coupled 
[41], meaning there is a stable correlation between the 
two (Figure A4). The coupling may represent an adaptive 
strategy that plants can efficiently cope with water scar-
city by regulating these traits together.

Network parameters revealed weak synergistic interac-
tions among traits, the utilization rate of plant resources 
and production efficiency were lower in the hyper-arid 
area [32]. The relationship between the functional mod-
ules is weak, but the internal relationship is close, and 
there are functional differences between the functional 
modules [59]. In both the total and hyper-arid areas, the 
LTN separated two separate modules (leaf nitrogen and 
phosphorus content), which is different from the study 
of [33]. As aridity increased, plants shift from a unified 
trait strategy (e.g., combined nitrogen and phosphorus 
management) toward specialized and separated vegeta-
tive trait strategies. This independence allows plants to 
optimize their nutrient-use strategies based on specific 

Fig. 4  SEM accounting for direct and indirect relationships of aridity, single-trait CWMs, and multi-trait FDis functional metrics. Note: Single headed 
arrows indicate paths. The unexplained error is indicated by “Err.” Numbers on paths represent standardized regression weights. Total explained 
variance (R.2) of variables is listed on the top right corner of each rectangle. *, **, and *** indicate significance along the paths at levels of P < 0.05, 
P < 0.01, and P < 0.001

Table 2  The total, direct, and indirect standardized effects on 
LNC from the structural equation model

NS Non-significant relationships

Predictor Pathways Effect Predictor Pathways Effect

Aridity Direct −0.415 LPC Direct 0.173

Indirect −0.138 Indirect NS

Total −0.553 Total 0.173

FDis Direct NS LCC Direct −0.758

Indirect 0.048 Indirect NS

Total 0.048 Total −0.758

H Direct 0.237 RWC​ Direct −0.363

Indirect −0.358 Indirect NS

Total −0.121 Total −0.363
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resource availability. Such changes reflect the plants’ 
adaptive responses to optimize limited resources (water 
and nutrients), increasing their drought tolerance. This 
specialized modularization of traits influences critical 
ecosystem services in arid areas, such as nutrient cycling 
efficiency and soil stabilization. On the one hand, a clear 
division of nutrient-related traits allows plants to maxi-
mize survival and growth under harsh conditions, indi-
rectly maintaining ecosystem function despite limited 
resources [22]. On the other hand, low network con-
nectivity does not indicate functional irrelevance [60]. 
Resource availability, plant size, economic efficiency, and 
element concentration limit the traits of any plant organ, 
so traits are coordinated to some extent [61]. These find-
ings suggest that increasing aridity may compromise eco-
system functions related to nutrient cycling and water 
use efficiency.

Spearman correlation analyses showed that CWM, but 
not FDis, was significantly associated with aridity, sup-
porting the importance of CWM functional metrics in 
plant community responses, a finding that diverges from 
those of [4]. Aridity resulted in shifts in mean trait val-
ues along the gradient and directly affected leaf relative 
water, nitrogen and phosphorus content. Therefore, arid-
ity was one of the important drivers of dominant species 
traits reflected by CWMs. This is consistent with previ-
ous findings that CWM traits determine ecosystem func-
tion [62], thus supporting the mass ratio hypothesis. Leaf 
relative water content is an important indicator of plant 
water status and, as other work has found, it increases 
with aridity intensification [16], indicating that plant 
drought tolerance increases due to water limitation [28]. 
Consistent with work by Xiong et al. [22], leaf phospho-
rus content was positively correlated with aridity, which 
may explain why leaf phosphorus content was separated 
trait in LTNs. Leaf nitrogen content is negatively cor-
related with aridity and TN, indicating that variation in 
aridity influences leaf element variation more than soil 
properties do. It is possible that the gravelly soils in our 
study area have high element concentrations, but that 
these nutrients are inaccessible to plants [41]. Leaf car-
bon content and plant height showed no significant cor-
relation with aridity, consistent with global analyses such 
as those conducted by Delgado-Baquerizo et  al. [23], 
likely due to physiological trait diversity among perennial 
species. While Spearman correlations yield simplified 
trait associations, structural equation modeling (SEM) 
offers deeper insight into trait trade-off strategies under 
arid conditions [63].

The separation path of leaf nitrogen content and leaf 
phosphorus content was determined by SEM results. 
As aridity intensifies, the dominant species are mainly 
perennials. According to the mass ratio hypothesis, the 

traits of the dominant species can largely represent the 
influence of the community on the ecosystem function. 
Leaf relative water content is negatively correlated with 
leaf nitrogen content in the direct path, which is con-
sistent with the studies of Gong et al. [64]. The reason 
may be the dominant species leaves respond directly 
to water stress by increasing leaf relative water con-
tent, thus reducing transpiration rate, closing stoma, 
reducing photosynthesis and carbon dioxide absorp-
tion, yellowing leaves, affecting chlorophyll synthesis, 
and further reducing leaf nitrogen content [16, 65, 66]. 
Moreover, total carbon fixation depends strongly on 
the availability of nitrogen, especially when plants are 
exposed to drought conditions [67]. Compared to leaf 
nitrogen content, multi-trait FDis can better explain 
increases in leaf phosphorus content and height, it 
indicated that rapidly growing perennial species were 
functionally similar, sharing traits adapted to aridity [4, 
68], a strategy that results in reductions in leaf nitrogen 
content. Through the aridity and plant trait tradeoff, 
the separation traits are correlated with nutrient con-
centration, which means that the community gradually 
loses the function of using nutrient elements and fur-
ther reduces the ecosystem function. With increasing 
aridity, the niche decreases, and the separation traits 
may be associated with water and carbon acquisition.

Although Leaf Trait Networks (LTN) effectively reveal 
plant adaptation strategies and nutrient modulariza-
tion under drought conditions, their application still has 
limitations. The low connectivity in LTN does not neces-
sarily indicate functional irrelevance among traits; some 
indirect interactions may occur through soil or below-
ground processes, which might not be clearly visible 
in network analyses. Moreover, multi-scale ecosystem 
dynamics (such as root traits, plant morphology, or phe-
nological changes) and trait relationships under multiple 
stress conditions (e.g., simultaneous drought, tempera-
ture extremes, and saline-alkaline) are difficult to capture 
within the traditional LTN framework. Additionally, LTN 
approach primarily identifies trait associations through 
correlations rather than causal relationships, limiting 
deeper insights into trait evolution mechanisms and eco-
logical processes.
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