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Abstract

Ecological restoration in degraded landscapes requires a comprehensive understanding of the factors
influencing ecosystem function, particularly in relation to water and carbon cycling. This study
explores the role of microtopography and plant functional traits in optimizing water-carbon coupling
efficiency in a mining-affected ecosystem using the CATS model. We assessed the water-carbon
coupling index (WCCI) across five microhabitat zones (A-E) within a mining area in the Hulunbuir
Grassland. Results show significant variability in WCCI across zones, with Zone B exhibiting the
highest functional efficiency due to its moderate moisture and low erosion, while Zone A displayed
the lowest WCCI, constrained by water and nutrient limitations. The CATS model simulations
revealed that water-carbon coupling is highly influenced by species functional traits such as SLA,
height, and drought tolerance, with species like polygonum aviculare and cleistogenes caespitosa
contributing most significantly to functional performance. Additionally, ecological filters, such as soil
moisture, nutrient availability, and erosion intensity, were found to shape species selection and
community structure. Our findings highlight the importance of trait-based approaches in restoration,
emphasizing the need for tailored species optimization that accounts for both functional trait
diversity and local environmental conditions. This research offers valuable insights for improving
ecosystem resilience and optimizing water-carbon coupling in the face of climate change and land
degradation.

Keywords: functional traits; water—carbon coupling; CATS model; microtopography; ecosystem
restoration; ecological resilience

1. Introduction

Global terrestrial ecosystems are undergoing unprecedented degradation, driven by a
combination of climate change, anthropogenic activities, and land-use change[1-3]. According to the
Intergovernmental Science-Policy Platform on Biodiversity and Ecosystem Services[4], over 23% of
agricultural lands have experienced a decline in productivity, and approximately 15% of terrestrial
carbon sinks have been lost due to ecosystem degradation[5,6]. This alarming trend is further
compounded by the ongoing loss of biodiversity, exacerbating the challenges for ecosystem-based
services such as carbon sequestration, water regulation, and soil stabilization[7-9]. These
developments highlight the urgent need for innovative and scalable ecological restoration strategies
that can reinstate ecosystem functionality while also mitigating climate change impacts.
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Ecological restoration, defined as the process of reestablishing ecological functions and services
in degraded ecosystems, has become a critical area of scientific research[10,11]. While conventional
restoration efforts have focused primarily on the reassembly of native species[12-14], these
approaches often struggle to restore ecosystems’ full functionality under the pressures of climate
change and other anthropogenic disturbances[15]. Thus, a shift towards more dynamic, trait-based
restoration approaches that account for the complex interactions between plants, soil, and their
environment has gained significant traction in recent years[16].

The integration of plant functional traits (PFTs) into restoration practices has opened new
avenues for designing more resilient ecosystems[17-21]. Functional traits—such as leaf area, specific
leaf area (SLA), plant height, and root depth—affect key ecological processes, including nutrient
cycling, water regulation, and biomass accumulation[22-24]. Recent advances in trait-based ecology
have demonstrated that species’ functional strategies, how they interact with and adapt to their
environment—play a crucial role in shaping community structure and ecosystem functions[25-30].
The Continuum Assembly of Trait-based Species (CATS) model has emerged as a particularly
promising tool for restoration, enabling the optimization of species assemblages by balancing
ecological constraints with functional outcomes[27,29,30]. In traditional restoration approaches, the
focus is often on species identity and taxonomic diversity, which does not necessarily translate into
functional recovery or resilience under changing environmental conditions[31-34]. In contrast, trait-
based approaches use PFTs to predict how species will respond to various environmental filters,
making it possible to optimize species selection for desired ecosystem functions[35,36]. This
predictive power is crucial, particularly in disturbed environments such as degraded mining
landscapes, where the species pool is often limited, and recovery trajectories can be slow and
uncertain[37,38].

However, despite their promise, current trait-based models, including CATS, face several
limitations[39]. First, they often neglect the dynamic feedbacks between plants and their
environment, such as soil feedbacks and interspecies interactions[40]. Additionally, these models are
typically limited by the availability of trait data, which can constrain their predictive power and
generalizability[41-44]. Recent developments in restoration ecology have begun to integrate
biogeochemical cycles, particularly the coupling of water and carbon processes, into trait-based
models[45]. Water and carbon are two of the most critical resources for plant growth, and their
interactions are fundamental to ecosystem functioning, particularly in arid and semi-arid regions
where water stress limits both plant productivity and carbon sequestration potential[46-50]. The
dynamics of water—carbon coupling involve complex feedback mechanisms, where water availability
influences plant carbon uptake and storage, while plant biomass and soil organic matter contribute
to water retention and nutrient cycling[51-53]. But despite the growing recognition of the importance
of water—carbon interactions, the integration of these processes into ecosystem restoration
frameworks remains underexplored[54]. While traditional ecological models tend to treat water and
carbon processes separately, the reality of ecosystem functioning requires a more holistic approach
that accounts for their interdependencies[55,56]. For instance, plants that are efficient in water use
(e.g., drought-resistant species) may also be effective in carbon storage, but the mechanisms behind
this coupling are still poorly understood[57,58].

Recent studies have shown that trait-based models, particularly those focusing on water-use
efficiency and biomass production, can provide valuable insights into how species can be selected for
optimal water—carbon synergy[59]. By optimizing species combinations based on both water and
carbon traits, restoration projects can enhance ecosystem resilience and provide greater potential for
climate change mitigation. Despite these advances, integrating water—carbon coupling into trait-
based models such as CATS remains a significant gap in restoration science[60].

This study confronts a critical limitation in trait-based restoration: the absence of a direct method
for optimizing a specific, complex ecosystem process like water-carbon coupling. To address this gap,
our primary innovation is the development of the Water-Carbon Coupling Index (WCCI), a novel,
quantitative metric designed to explicitly capture the functional synergy between a species’ water
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conservation and carbon accumulation strategies. Specifically, we propose a novel framework that
combines microhabitat stratification, functional trait optimization, and species interaction networks
to improve the restoration outcomes in degraded mining ecosystems. We hypothesize that by
optimizing species selection not only based on abiotic filters but also considering species co-
occurrence and interaction effects, we can enhance the stability and functional diversity of restored
ecosystems. This approach represents a significant advancement in restoration ecology, as it moves
beyond taxonomic-based strategies and offers a more integrated, ecosystem-level perspective on
ecological recovery.

2. Materials and Methods

2.1. Study Area

This study was conducted in a degraded mining ecosystem located within the Hulun Buir
Grassland, Inner Mongolia, China. The mining site, which covers approximately 0.9 km? was
abandoned in 2019 and has undergone around five years of unassisted natural recovery. This region
belongs to the semi-arid continental steppe climate zone, with an annual average precipitation of
350-370 mm. January is the coldest month, with an average low temperature of -30.83 °C, while July
is the hottest month, with an average high temperature of 25.84 °C. The dominant soil types include
chestnut soils and chernozems, which are typical for northern China’s grasslands. Adjacent to the
mining site, a pristine reference grassland was selected as a baseline ecosystem. This reference site,
located approximately 100 km from the mining area, serves as a natural comparison for ecological
conditions and community structure.
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Figure 1. Map of the study area and sampling design, showing the location of the Hulunbuir grassland mining
area (triangle) and surrounding reference sites (circles), with the distribution of 25 sampling plots (5 in the mined

area and 20 in reference ecosystems).

2.2. Sampling Design

To assess ecological variability across both degraded and reference ecosystems, a stratified
sampling design was used. Five sampling plots were established within the degraded mining site,
corresponding to different microhabitats (A-E). These microhabitats were selected based on
variations in soil moisture, erosion intensity, organic matter content, and other environmental factors.
A total of 15 sampling plots were established in the mining site. In the reference ecosystem, 20
sampling locations were selected in two zones: (i) Transition Zone (8 plots within a 0.5-2 km radius
from the mining site) and (ii) Regional Background Zone (12 plots across a 100 km radius). These
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reference plots represented undisturbed ecosystems and were used to characterize natural
community dynamics.

2.3. Vegetation and Soil Data Collection

In each quadrat, plant community structure was quantified using the Braun-Blanquet cover-
abundance scale[61]. For each species, we recorded the total vegetation cover percentage, species
composition, and mean plant height. Additionally, functional traits including leaf length (LL), leaf
width (LW), leaf area (LA), specific leaf area (SLA), and leaf circumference (C) were measured for the
dominant species. For each species, three healthy individuals were selected, and leaf samples (n =5
per individual) were pressed, scanned, and analyzed using a CI-202 scanner (+0.1 cm? accuracy).

Soil samples were collected to a depth of 30 cm using a stainless-steel auger. These samples were
homogenized and stored in light-proof containers for laboratory analysis. The following soil
properties were measured: i.) Physical properties: Bulk density, moisture content (oven-dried at 105
°C to constant weight); ii.) Chemical properties: Total nitrogen (TN), phosphorus (TP), and organic
carbon (SOC); iii.) Erosion estimation: Soil erosion rates were determined using ¥Cs activity
measured by gamma-ray spectrometry.

2.4. Trait-Environment Coupling Analysis

2.4.1. Community-Weighted Mean (CWM) Calculation[62]

For each species in the study, we calculated the community-weighted mean (CWM) of seven key
functional traits (LL, LW, LA, SLA, H, C, FC). CWM values were computed using the formula:

S
CWMl = z Pi ti (1)
i=1

where piis the relative abundance of species ii in the community, and ti is the mean trait value of
species i. These CWM values were used to quantify the functional composition of plant communities
across both the mining and reference ecosystems.

2.4.2. Trait-Environment Correlation

To understand how environmental factors shape plant trait distributions, we calculated Pearson
correlation coefficients between key soil variables (SWC, SOM, TN, TP) and CWM trait values[63].
This analysis aimed to identify the environmental factors most strongly influencing the distribution
of functional traits in the study areas. The results provided essential data for model construction and
species optimization, highlighting which environmental gradients drive specific trait expressions.

2.5. A Framework for Optimizing Water-Carbon Coupling

The core innovation of this study is a framework designed to integrate water-carbon functional
optimization into trait-based restoration. This framework consists of two primary components: (i.)
the development of a Water-Carbon Coupling Index (WCCI) to quantify functional synergy at the
species level, and (ii.) the application of this index within the CATS (Community Assembly by Trait
Selection) model to identify optimal, microhabitat-specific species assemblages.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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A Framework for Optimizing Water-Carbon Coupling
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Figure 2. Conceptual flowchart of the Water-Carbon Coupling (WCCI) optimization framework.

2.5.1. Calculation of the Water-Carbon Coupling Index (WCCI)

To quantify the synergy between water conservation and carbon accumulation, we developed
the WCCI based on functional trait proxies. The index is built upon three key traits that
simultaneously inform both ecological functions:

(1)Inverse Specific Leaf Area (1/SLA): A higher value serves a dual purpose, acting as a proxy
for greater water-use efficiency (WUE) while also indicating higher leaf tissue density and thus
greater carbon persistence.

(2)Plant Height (H): Taller stature represents greater biomass potential (carbon function) and
simultaneously suggests an enhanced ability to access deeper, more stable soil water resources (water
function).

(3)Foliage Cover (FC): Higher foliage cover directly contributes to community-level biomass and
carbon stock, while also reducing soil water loss through evaporation by creating ground shade and
a more humid microclimate.

The species-level WCCI was calculated through a multi-step normalization process to ensure all
traits contributed equally:

(1) Trait Aggregation: For each of the 86 species, the average value for H, FC, and SLA was
calculated from field measurements.
(2) Proxy Normalization: Each of the three proxy traits (H, FC, and 1/SLA) was independently
normalized to a scale of 0 to 1 across all species using min-max scaling:
, Traitgpservea — TTQitmin
Trait,grm = : _ 2)
Traityg, — Traity,in
(3) Component Score Calculation: A Water Score and a Carbon Score were calculated for each

species by summing the normalized values of their respective proxy traits.

Wscore = Hnorm + FCrorm + (1/SLA)norm 3)

Cscore = Hnorm + FCnorm + (1/SLA)TLOTTTL (4)

(4) Final Index Formulation: The resulting were themselves normalized to a 0-1 scale. The final
WCCI was then calculated as the equally weighted average of these two component scores, as
shown in Equation 2, with a set to 0.5.
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This process yields a single WCCI value for each species, ranging from 0 (very poor coupling)
to 1 (optimal coupling), which was then used to calculate community-weighted means (CWM-WCCI)
for each plot and simulated community.

WCCIi =a- VVscorei + (1 - a) ' Cscorei (5)

where W_scorei and C_scorei represent the normalized scores for water-use efficiency and carbon
sequestration, respectively. The coefficient a was set to 0.5 to balance the weight of water and carbon
in the index, though alternative weighting schemes were also considered in sensitivity analyses. This
coupling index was used to assess the water—carbon synergy across different species assemblages
optimized for each microhabitat.

This process yields a single WCCI value per species (0 = poor coupling, 1 = optimal coupling),
which serves as the core functional target for community-level analyses and optimization.

2.5.2. Trait-Based Species Optimization with CATS

To optimize species assemblages for the water-carbon coupling goal, we utilized the CATS
model. The CATS model simulates species abundance distributions based on functional traits,
optimizing species selection to align with environmental constraints and functional goals. This model
was applied in two phases:

(1) Trait Filtering: The first phase involved applying environmental constraints (e.g., SWC, SOM) to
identify species whose traits align with the restoration site’s conditions. This process used
random forest regression models to predict trait values and optimize the species pool.

(2) Species Optimization: In the second phase, species abundance was optimized under the water-
carbon coupling framework. Species in each microhabitat (A-E) were selected based on their
ability to enhance water retention and carbon sequestration. Species were ranked by their ability
to meet both the water and carbon targets, and a final species pool was selected for each
microhabitat.

2.5.3. Microhabitat-Specific Optimization

We applied the CATS model to identify the optimal species assemblage for each of the five
microhabitats (A-E). Unlike conventional applications that target trait matching, our approach
defined the optimization goal as maximizing the Community-Weighted Mean of the WCCI (CWM-
WCCI). For each microhabitat, the environmental constraints were used as abiotic filters to define the
viable species pool. The CATS algorithm then solved for the relative abundance distribution that
maximized the CWM-WCCI, thereby identifying the community composition predicted to yield the
highest water-carbon synergy under those specific local conditions.

2.6. Statistical Analysis

All statistical analyses were conducted using R (version 4.2.2). Pearson correlation coefficients
were used to analyze the relationship between functional traits and environmental factors. Random
forest models were used for trait prediction based on environmental variables, with model
performance validated through cross-validation (R2). Monte Carlo simulations (1000 iterations) were
performed to propagate uncertainty in the trait imputation process and assess its impact on the final
species optimization.

2.7. Sensitivity and Uncertainty Analysis

A sensitivity analysis was performed to assess the robustness of the water-carbon coupling
optimization to different data imputation methods. Three strategies for filling missing trait data were
tested: (i) functional-group-based mean, (ii) genus-level mean, and (iii) model-based imputation. The
resulting species assemblages were compared to identify the influence of data uncertainty on the final
outcomes. The Monte Carlo method was used to quantify uncertainty in the water-carbon coupling

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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index, and this uncertainty was propagated through the optimization process to provide confidence
intervals for the final results.

3. Results

3.1. Significant Environmental Heterogeneity and Microhabitat Stratification

To better understand how local abiotic conditions shape community assembly and functional
processes, it was first necessary to identify the degree of environmental heterogeneity within the
study site. Through cluster analysis of key soil physicochemical properties, the study site was
quantitatively stratified into five statistically distinct microhabitat zones (Figure 4). The
environmental conditions varied significantly across these zones (ANOVA, p < 0.001 for all tested
variables).

Zone B exhibited the highest mean Soil Moisture Content (SMC) at 13.71 + 5.2% (mean + SD),
making it the most mesic microhabitat. In contrast, Zone A was the most arid, with a mean SMC of
only 7.14 + 1.5%. Soil fertility gradients were equally pronounced. Zone D was the most fertile,
possessing the highest mean Soil Organic Matter (SWM) (16.31 + 2.1 g/kg) and Total Nitrogen (TN)
(1.17 0.3 g/kg). Conversely, Zone B, despite its high moisture, was nutrient-poor, showing the lowest
mean SWM (7.23 + 1.8 g/kg) and TN (0.49 + 0.2 g/kg). Furthermore, the soil erosion index (E) revealed
different geomorphological dynamics: Zone B experienced the most severe erosion (E =-144.4 + 35.1
t/ha), while Zone D was a depositional area (E = 41.0 + 15.2 t/ha). These results confirm that the
microtopography creates a complex mosaic of distinct environmental filters, each posing unique
challenges and opportunities for plant establishment and growth.

Soil Erosion Volume (t/ha) Soil Moisture (%) Soil Organic Matter (g/kg) ‘
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Figure 3. Environmental heterogeneity across distinct microhabitat zones. Boxplots show the distribution of key
soil properties: (a) Soil Erosion vlume (E), (b) Soil Moisture Content (SMC), (c) Soil Organic Matter (SWM), (d)
Total Nitrogen (TN), and (e) Total Phosphorus (TP), Data are grouped by the five primary microhabitat zones
(A, B, C, D, E) identified in the study area. The horizontal line within each box represents the median, the box

boundaries represent the 25th and 75th percentiles, and the whiskers extend to 1.5 times the interquartile range.

3.2. Strong Evidence of Trait-Based Environmental Filtering in Plant Communities

The functional composition of the extant plant communities strongly reflected the underlying
environmental gradients, providing clear evidence of non-random, trait-based assembly processes
(Figure 4). Across all 75 plots, community-weighted mean (CWM) traits varied widely, with CWM
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Specific Leaf Area (SLA) ranging from 45.2 to 315.6 mm?/mg and CWM Leaf Area (LA) from 0.09 to

19.06 cm?2.
(A) CWM Specific Leaf Area vs. Soil Moisture (B) CWM Leaf Area vs. Soil Total Nitrogen
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Figure 4. Relationships between community-weighted mean (CWM) traits and key environmental factors.
Scatterplots illustrate the significant correlations between plant functional traits and soil properties. (a) A
negative relationship between CWM Specific Leaf Area (SLA) and Soil Moisture Content (SMC). (b) A positive
relationship between CWM Leaf Area (LA) and Soil Total Nitrogen (TN). The solid black line in each panel
represents the linear regression model fit, and the shaded area (if included) represents the 95% confidence

interval.

Linear regression analysis revealed significant trait-environment relationships. We observed a
strong negative correlation between CWM-SLA and soil moisture content (r = -0.69, p < 0.01) (Figure
4a). As soil moisture increased, the dominant community-level leaf strategy shifted demonstrably
from a resource-acquisitive strategy (high SLA, thin leaves for rapid carbon gain) in drier zones to a
more conservative one (low SLA, thicker, more durable leaves) in wetter zones. Concurrently, CWM-
LA was strongly and positively correlated with soil Total Nitrogen (r = 0.82, p <0.01) (Figure 4b). This
indicates that communities in more fertile soils were dominated by species with larger leaf surfaces,
maximizing light interception and photosynthetic capacity. Additionally, CWM plant height (H)
showed a significant positive correlation with SWM (r = 0.58, p < 0.05), suggesting that greater
resource availability allows for the dominance of taller, more competitive species.

3.3. CATS-Based Simulations and Functional Trade-Offs Across Microhabitats

The integrated functional performance of the existing communities, quantified by our novel
Water-Carbon Coupling Index (WCCI), showed significant disparities among the microhabitat zones
(ANOVA, F=18.9, p <0.001) (Figure 5). The communities in the fertile and moderately moist Zone D
achieved the highest and most stable functional performance, with a mean WCCI of 0.58 + 0.12. In
stark contrast, communities in the arid Zone A exhibited the poorest performance, with a mean WCCI
of only 0.38 + 0.09. The performance in Zone B (mean WCCI = 0.41 + 0.15) and Zone C (mean WCCI
=0.45 + 0.11) fell in between.

Notably, the median WCCI in Zone D was approximately 1.5 times higher than that in Zone A,
highlighting a substantial functional performance gap between the best and worst-performing
microhabitats. The high coefficient of variation for WCCI in Zone B (36.6%) also suggests that its
functional performance was not only low but also highly unstable. This quantitative assessment
successfully diagnoses the functional deficits across the landscape, pinpointing Zone A and B as
primary targets for restoration intervention. This indicates that functional deficits in arid and erosion-
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prone microhabitats cannot be resolved by natural succession alone, highlighting the necessity of
targeted restoration interventions.

Water-Carbon Coupling Index (WCCI) Across Microhabitat Zones

Water-Carbon Coupling Index (WCCI)

T

s

[
Microhabitat Zone

Figure 5. Variation of the Water-Carbon Coupling Index (WCCI) across microhabitat zones. Violin plots
combined with boxplots show the distribution of WCCI values for existing plant communities within each zone.
The shape of the violin illustrates the probability density of the data, while the boxplot summarizes the median
and interquartile range. Significant differences in WCCI highlight the varying functional performance of
communities across the environmental mosaic.

3.4. Optimized and Zone-Specific Community Assemblages for Functional Restoration

Applying the dual-filter optimization framework, we generated four distinct, tailored species
assemblages designed to maximize the WCCI for each microhabitat zone (Figure 6). The model’s
recommendations for species composition and relative abundance varied substantially, reflecting the
need for precision restoration.

The assemblage for the arid and nutrient-poor Zone A is functionally characterized by stress-
tolerant traits. The top three recommended species, allium vineale (13.3% relative abundance),
potentilla reptans (9.9%), and astragalus membranaceus (8.0%), are all known for their drought resistance
and collectively account for over 31% of the proposed community. In stark contrast, the
recommended assemblage for the resource-rich Zone D is dominated by species with resource-
acquisitive traits. The model selected for highly productive species such as juncus effusus (14.3%),
potentilla multifida (8.7%), and achillea millefolium (7.5%), which are capable of rapidly utilizing the
available water and nutrients.

The configuration for Zone C, which has intermediate conditions, included a balanced mix of
species, with carex rigescens (11.2%) and artemisia sieversiana (9.5%) as the dominant components. The
model proposed a total of 18 species for Zone A, while for the more stable Zone D, it recommended
a slightly more diverse assemblage of 22 species, demonstrating its ability to tailor not only species
identity but also community richness to local conditions.
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Figure 6. Optimized species assemblages for each microhabitat zone as recommended by the dual-filter model.
The stacked bar chart displays the proposed relative abundance of species for restoring each microhabitat zone
(A, B, C, D, E). Each colored segment within a bar represents a specific plant species, with its height proportional
to its recommended relative abundance. These configurations are designed to maximize the Water-Carbon

Coupling Index (WCCI) while ensuring biotic compatibility.

4. Discussion

This study advances a trait-based restoration framework by moving beyond the conventional
goals of species reassembly to the targeted optimization of a critical ecosystem process: water-carbon
coupling. Our findings demonstrate that by integrating a novel functional index (WCCI) into a
spatially explicit modeling framework, it is possible to design functionally superior plant
communities tailored to the heterogeneous conditions of degraded landscapes.

4.1. An Innovative Framework for Optimizing Biogeochemical Function

The central innovation of this study is the development of the Water—Carbon Coupling Index
(WCCI) and its integration into a dual-filter CATS optimization framework. Unlike conventional
restoration strategies that aim to approximate reference communities, our framework establishes
WCCI as an explicit functional target and directly designs assemblages to maximize this outcome.
The empirical results demonstrate the added value of this approach. Observed communities
exhibited large functional disparities across microhabitats, with mean WCCI ranging from 0.38 in the
arid Zone A to 0.58 in the fertile Zone D (ANOVA, p < 0.05; Figure 5). By applying WCCI as the
optimization criterion, the CATS model produced assemblages with significantly higher functional
efficiency: optimized communities in Zone A increased their CWM-WCCI from 0.38 (+ 0.09) to 0.62
(£ 0.08), while Zone D rose from 0.58 (+ 0.12) to 0.71 (+ 0.10). These gains demonstrate that the
framework is not simply descriptive but prescriptive, capable of identifying configurations that
outperform both natural recovery and reference-based mimicry. Importantly, the optimization
highlighted functional keystone species such as Polygonum aviculare and Cleistogenes caespitosa, which
consistently contributed to WCCI improvement across multiple zones. Together, these findings
validate WCCI as a robust indicator of biogeochemical efficiency and establish the dual-filter CATS
framework as a practical tool for function-oriented restoration.
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4.2. The Mechanisms of Functional Optimization: Filters, Keystones, and Soil Feedbacks

The observed improvement in WCCI through optimization invites the question of why certain
communities can achieve higher water—carbon coupling. Our results provide three complementary
mechanistic explanations.

First, environmental filtering at the microhabitat scale emerged as a decisive constraint on
functional potential[64]. For example, optimized communities in Zone D (fertile and moderately
moist) reached a mean CWM-WCCI of 0.71, whereas Zone A (arid and erosion-prone) plateaued at
0.62 despite optimization. This 15% functional gap underscores that soil water and nutrient
conditions set an upper limit on achievable efficiency, operationalizing habitat filtering theory in a
restoration context[65]. Second, functional performance was disproportionately driven by a small
number of keystone species[66]. In the natural communities, Polygonum aviculare, Cleistogenes
caespitosa, and Artemisia frigida together accounted for more than 45% of the community-level WCCI.
Their traits illustrate complementary strategies: acquisitive growth and rapid cover formation in P.
aviculare enhanced carbon gain, while the stress tolerance and low SLA of C. caespitosa and A. frigida
improved water-use efficiency under drought[67,68]. The optimized assemblages consistently
elevated the relative abundance of these species, confirming their central role in driving functional
gains. Third, links between functional optimization and soil processes suggest potential feedback
mechanisms[69]. Communities with higher CWM-WCCI showed positive correlations with soil
moisture (r = 0.41) and organic matter (r = 0.36), even though these relationships were not statistically
significant given sample size. This pattern implies that functionally efficient communities may
contribute to soil stabilization and nutrient retention, reinforcing the long-term sustainability of
restored ecosystems.

Together, these findings provide mechanistic support for the WCCI-based framework:
environmental filters define the boundary conditions, functional keystone species drive
disproportionate contributions, and soil feedbacks may lock in improvements over time.
Conceptually, this advances trait-based theory by demonstrating that functional optimization is not
only predictable but also explainable through established ecological principles.

4.3. Practical Implications: From Precision Restoration to Sustainable Agronomy

From an applied perspective, the WCCI-CATS framework provides a concrete pathway for
precision restoration in heterogeneous, degraded landscapes. The diagnosis of functional
performance revealed that arid and erosion-prone zones (e.g., Zone A, mean WCCI = 0.38) and
moisture-rich but unstable zones (Zone B, mean WCCI =0.41 with CV =36.6%) are unlikely to recover
functional efficiency through natural succession alone. These zones therefore represent priority
targets for intervention. By contrast, Zone D, with both higher fertility and a mean WCCI of 0.58, can
be considered relatively resilient and may require only minimal assistance.

The optimization outputs move beyond descriptive assessment to actionable prescriptions. For
each microhabitat, the framework generated zone-specific assemblages: stress-tolerant species such
as Allium vineale and Astragalus membranaceus were emphasized in Zone A, while resource-acquisitive
species like Juncus effusus dominated Zone D (Figure 6). These tailored mixes are predicted to deliver
dual ecological benefits: (i) greater water-use efficiency and soil moisture conservation in arid zones,
and (ii) enhanced carbon fixation and biomass accumulation in resource-rich zones. This dual benefit
is particularly valuable for mining landscapes, where both soil stability and carbon sequestration are
urgent restoration goals.

Importantly, the approach is not limited to post-mining contexts. Because the framework rests
on general ecological principles —microhabitat stratification, functional trade-off quantification, and
optimization for explicit outcomes—it is transferable to other fragile ecosystems where water
limitation and carbon cycling are tightly coupled. Potential applications include semi-arid grasslands
facing overgrazing, riparian corridors subject to erosion, and sloping agricultural lands prone to
degradation. Beyond ecological restoration, the WCCI can also inform sustainable agronomy
practices:
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i Cover crop design: selecting species mixtures that simultaneously build soil organic carbon and
reduce evaporation losses during fallow periods.
ii. Pasture revitalization: identifying grass—forb combinations that increase forage productivity
while enhancing drought resilience.
iii. Buffer zone management: deploying species with high WCCI to improve water retention and

erosion control in agroforestry or watershed protection schemes.

In this way, the framework provides not only a tool for ecological rehabilitation but also a
generalizable strategy for designing multifunctional plant communities that reconcile productivity,
resilience, and sustainability.

4.4. Limitations and Future Directions

While the WCCI-CATS framework represents a methodological advance, several limitations
should be acknowledged.

First, the analysis is based primarily on above-ground functional traits (e.g., SLA, height, foliage
cover). Although these traits are strong predictors of water—carbon processes, they cannot fully
capture below-ground dynamics such as rooting depth, hydraulic lift, or soil-microbe
interactions[70]. This simplification may underestimate the role of traits directly linked to water
acquisition and carbon stabilization in soils. Second, the framework is inherently static. It identifies
optimal assemblages for a given set of environmental conditions, but does not simulate successional
trajectories, dispersal, or species turnover[71]. As a result, the predicted communities represent
functional “endpoints,” and the long-term stability of these optimized assemblages under climate
variability or disturbance remains uncertain. Third, the correlation between WCCI and soil health
indicators (e.g., r = 0.41 for soil moisture, r = 0.36 for organic matter) was encouraging but not
statistically significant, partly due to limited sample size. This highlights the need for larger-scale and
longitudinal datasets to rigorously test whether communities optimized for high WCCI can indeed
reinforce soil quality and ecosystem resilience through feedback processes. Finally, the species pool
used in the optimization is site-specific. While the framework is transferable, the actual species lists
must be recalibrated to local conditions, which requires reliable trait databases and careful validation
in different ecological contexts.

Future research should therefore pursue four directions: (i) expanding trait datasets to include
below-ground, hydraulic, and physiological traits[72]; (ii) coupling the optimization framework with
dynamic, spatially explicit models that simulate recruitment, mortality, and successional change[73];
(iii) conducting field trials to compare the establishment, persistence, and soil feedbacks of WCCI-
optimized communities against conventional restoration mixes; and (iv) testing the framework across
diverse degraded ecosystems (e.g., semi-arid grasslands, riparian corridors, sloping agricultural
lands) to evaluate its generalizability.

By addressing these limitations, the WCCI-CATS framework can be further refined into a
robust, predictive, and widely applicable tool for designing resilient ecosystems under conditions of
land degradation and climate stress.
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Figure 7. By starting with a trait-based design centered on the WCCI, we can generate resilient plant
communities that not only enhance water-carbon synergy but also initiate a positive feedback loop, leading to
improved soil moisture, organic matter, and stability. This entire process directly contributes to the dual goals
of climate change adaptation and the implementation of sustainable land management practices, such as

optimized cover cropping and agroforestry systems.

5. Conclusion

This study highlights the importance of understanding the role of microtopography and plant
functional traits in optimizing water-carbon coupling efficiency during ecological restoration. Our
findings demonstrate that different microhabitats exhibit distinct functional characteristics that
influence plant community structure and ecological recovery. Specifically, the CATS model
simulations revealed that species functional traits, such as SLA, height, and drought tolerance, play
significant roles in enhancing water and carbon cycling efficiency in different zones.

The results suggest that the success of ecological restoration is not solely dependent on plant
species diversity but on the functional traits of those species. In particular, species like polygonum
aviculare and cleistogenes caespitosa, which exhibit high water-use efficiency and resilience to
environmental stress, were found to be key contributors to improving water-carbon synergy in
restored ecosystems.

Furthermore, ecological filters, such as soil moisture, nutrient levels, and erosion intensity, act
as critical determinants of the functional performance of plant communities. This reinforces the need
for restoration strategies that consider local environmental conditions and functional trait diversity
to improve ecosystem resilience. Ultimately, the insights gained from this study can guide the design
of more effective and targeted restoration efforts, aimed at enhancing ecosystem functionality and
resilience to environmental changes.
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