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Abstract

The net primary productivity (NPP) of the spatiotemporal variation in vegetation directly
reflects ecosystem function, and landscape pattern evolution is a key spatial correlate of its
differentiation. Clarifying this relationship is critical for regional ecological management.
We focused on the upper and middle Yangtze River, using 2000-2020 land use and NPP
data to analyze how overall landscape patterns are differentially associated with NPP
across vegetation types and identify key landscape pattern characteristics associated with
NPP. Our results show the following: (1) Based on 4102 grid cells at a 10 km x 10 km spatial
grain and an 8:2 random train—test split validation procedure, XGBoost outperformed all
other machine learning models, achieving a test set coefficient of determination (R?) of
0.78. (2) Over the study period, 89.58% of the region showed an increased Normalized
Difference Vegetation Index (NDVI), with extensive grassland and shrubland conversion to
forest. Regional average NPP increased by 51.57 g C m~2 yr~!. (3) Associations between
landscape patterns and NPP differed across vegetation types. Number of patches (NP) was
most strongly associated with forest and overall NPP, largest patch index (LPI) showed the
closest linkage with shrubland NPP, and proportion of like adjacency (PLAD]J) correlated
most strongly with grassland NPP. Integrating vegetation evolution trends and vegetation-
specific associations between landscape patterns and NPP, we propose that future ecological
restoration and territorial spatial governance can adopt targeted landscape optimization
strategies based on key correlated landscape indicators to support sustainable improvement
of regional ecosystem productivity.

Keywords: NPP; landscape pattern; vegetation type; machine learning; Yangtze River

1. Introduction

Unsustainable land use change impairs terrestrial net primary productivity (NPP),
threatening biodiversity and human well-being that depends on ecosystem services [1].
NPP quantifies net organic carbon fixed by vegetation via photosynthesis, serving as a core
indicator of ecosystem carbon sequestration capacity and functional status. It underpins
global material and energy cycling and is widely used to monitor ecosystem responses
to environmental changes [2,3]. Most studies have focused on quantitative changes in
land use types as the primary driver of NPP dynamics, documenting their effects through
altered hydrology, carbon storage, and microclimate [4-6]. However, this narrow focus on
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land use quantity has largely ignored the spatial configuration of landscapes, which is a
critical dimension that can significantly alter ecological processes and NPP even when the
total area of each land use type remains unchanged.

Identifying key landscape pattern characteristics associated with NPP remains a cen-
tral focus in landscape ecology [7]. Landscape patterns integrate natural processes and
anthropogenic disturbances across scales, and their spatial configuration directly regulates
resource availability and species interactions [8,9]. Landscape metrics provide quantitative
measures of landscape pattern and configuration, enabling rigorous analysis of how spatial
structure shapes ecosystem functioning [10,11]. In the Yangtze River Basin, two decades of
rapid urbanization and large-scale ecological restoration have created unprecedented land-
scape heterogeneity. The Grain for Green Program is a major example of such restoration.
These changes have led to highly complex and spatially variable NPP responses [12,13].
Most previous studies have explored landscape-NPP relationships using Pearson corre-
lation and multiple linear regression [14,15]. However, these relationships are inherently
nonlinear, scale dependent, and vegetation specific [16], characteristics that cannot be ade-
quately represented by linear models. Linear models also cannot disentangle synergistic
or antagonistic interaction effects among landscape metrics [17], nor can they produce
robust variable importance rankings in the presence of strong multicollinearity [18-20].
These limitations explain why previous studies have failed to consistently identify key
driving metrics.

Tree-based machine learning methods provide a powerful framework to address these
limitations. They capture nonlinear ecological responses, complex interaction effects, and
spatial heterogeneity. All of these are critical for understanding how landscape patterns
affect NPP [21]. Importantly, these models produce robust variable importance rankings
even when predictors are highly correlated [22], allowing us to reliably disentangle the
relative contributions of different landscape metrics to NPP dynamics. However, despite
these advances, existing machine learning studies of NPP drivers have almost exclusively
focused on climate, topography, and human activities, while largely neglecting landscape
patterns that directly reflect the spatial organization of vegetation [23-25]. More critically,
existing studies rarely evaluate vegetation-specific responses of NPP to landscape configu-
ration using nonlinear frameworks, despite the fact that different vegetation types exhibit
distinct structural and functional traits that mediate their responses to landscape change.
This gap is especially pronounced in the Yangtze River Basin, where coexisting forests,
shrublands, and grasslands are undergoing rapid landscape transformation driven by both
ecological restoration and urbanization.

The Yangtze River Basin supports fragile ecosystems and complex human-land inter-
actions. Its stability underpins ecological security across the basin and the entire nation [26].
The region has a highly complex topography and climate. It also shows strong spatial
heterogeneity in ecosystem types [27]. The region is one of China’s most densely populated
areas. Intensive urban expansion and resource exploitation have transformed its landscapes
over recent decades [28,29]. Severe ecosystem degradation affected parts of the upper and
middle reaches by the early 2000s. This degradation threatens national food and ecological
security [30]. Large-scale ecological restoration projects followed. These projects include
natural forest protection and grain for green initiatives [31]. These projects have not only
restored vegetation cover but have also reshaped landscape configuration and vegetation
spatial connectivity [32]. They have created new drivers of NPP dynamics [33]. Systemati-
cally identifying key landscape metrics associated with NPP changes is now essential to
support the maintenance of ecological balance in the region.

While climatic and topographic drivers of NPP have been extensively documented in
the existing literature, the independent effects of landscape spatial configuration remain

https:/ /doi.org/10.3390/£17070797


https://doi.org/10.3390/f17070797

Forests 2026, 17,797

30f17

less well understood, especially regarding vegetation-specific differences in how landscape
pattern shapes productivity. Building on previous findings, we propose two research
hypotheses: first, aggregation and fragmentation metrics explain more NPP variability
than compositional diversity metrics; second, the strength and pattern of landscape-NPP
associations differ substantially among forest, shrubland, and grassland vegetation types.
Given this, we focus on the upper and middle Yangtze River and use 2000-2020 land use
and NPP data to address three core scientific questions: (1) characterize spatiotemporal
changes in vegetation cover and landscape patterns and NPP across different vegetation
types; (2) compare six machine learning models to identify the most robust approach for
disentangling nonlinear landscape productivity relationships; (3) reveal vegetation-specific
landscape pattern characteristics associated with NPP and rank the relative importance
of different landscape metrics. Our findings advance the mechanistic understanding of
how landscape pattern shapes ecosystem productivity and provide targeted guidance for
landscape optimization and ecological restoration in the Yangtze River Basin.

2. Materials and Methods
2.1. Study Area

The Yangtze River originates from the Qinghai-Tibet Plateau and stretches 6300 km.
Our study focuses on its upper and middle reaches, covering six provinces and munici-
palities: Sichuan, Chongqing, Hubei, Hunan, Yunnan, and Guizhou (Figure 1). The region
spans 97°20" E to 116°20" E and 21°10’ N to 34°17' N, with a total area of approximately
1.8 million km?. Most of the region has a subtropical monsoon climate. Annual precipita-
tion decreases from 1800 mm in the southeast to 250 mm in the northwest, and the mean
annual temperature is 13.3 °C. Vegetation is dominated by subtropical evergreen broad-
leaved forests, and major land use types include forestland, cropland, and grassland. The
ecosystem is highly sensitive to environmental changes. Since the launch of the Grain for
Green Program pilot, 92,400 km? of farmland has been converted to forest in the study area.
These afforestation efforts have reduced soil erosion and improved regional hydrological
conditions [31]. These concurrent changes in vegetation cover and landscape pattern make
the region an ideal natural laboratory to investigate the relationships between landscape
patterns and ecosystem productivity.
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Figure 1. Location of the study area in the upper and middle Yangtze River. The study area includes
Sichuan, Chongqing, Hubei, Hunan, Yunnan, and Guizhou provinces. The black area in the inset
shows the study area’s location within China.
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2.2. Sources of Data

We obtained annual land use data from 2000 to 2020 from the Landsat-derived land
cover product of China. This product has an overall accuracy of 79.31% and outperforms
most commonly used land use datasets [34]. We obtained annual Normalized Difference
Vegetation Index (NDVI) data from the same period. NDVI is a widely used metric of
vegetation abundance and vigor. The data were provided by the Resource and Environment
Science and Data Center of the Chinese Academy of Sciences (http://www.resdc.cn). We
also obtained annual net primary productivity (NPP) data matching the same time period
from the National Forestry and Grassland Administration of China (http:/ /www.dsac.cn).
This NPP dataset was generated using the Carnegie-Ames-Stanford Approach (CASA)
model based on MODIS remote sensing data. It has been extensively calibrated and
validated against field measurements across multiple vegetation types in China and is
widely adopted for regional ecological research [35].

We preprocessed all raw datasets in ArcGIS Pro 3.1.6 to ensure consistent spatial
resolution, extent, and projection. We resampled and spatially registered all layers to the
Albers Equal Area coordinate system and clipped them to the study area boundary at a
500 m pixel size. This resolution closely matches the native resolution of the MODIS-derived
NPP and Landsat-based land cover datasets, minimizing information distortion from
resampling, and it represents a widely adopted standard for regional NPP and landscape
pattern studies in the Yangtze River Basin to support comparability with published research,
while appropriately balancing fine heterogeneity capture and computational feasibility for
landscape metric calculation.

2.3. Analysis of Vegetation Cover Changes

We quantified vegetation cover dynamics using two complementary approaches. First,
we calculated Fractional Vegetation Cover (FVC) from NDVI data. FVC eliminates soil
background interference and provides a more accurate measure of vegetation abundance
than raw NDVI. This allows us to directly link vegetation changes to landscape pattern
evolution and NPP dynamics. The calculation formula is as follows:

NDVI — NDV Iy

FVC =
NDVIyax — NDViyin

(1)

We used the nonparametric Mann-Kendall (MK) trend test in MATLAB 2024 to
examine long-term changes in NDVI and FVC time series. Statistical significance was
assessed at the p < 0.05 level using the Z-test. Second, we constructed land use transition
matrices to quantify the direction and magnitude of vegetation type conversions between
2000 and 2020.

2.4. Selection and Calculation of Landscape Metrics

We calculated landscape metrics using Fragstats 4.2, focusing exclusively on landscape-
level rather than class-level metrics. This choice aligns with our analytical framework of
constructing separate NPP models for each vegetation type. Using landscape-level metrics
allows us to examine how the overall spatial configuration of the entire landscape affects
NPP across different vegetation types and effectively isolates the independent effect of
landscape spatial arrangement from the effect of vegetation area quantity. Class-level met-
rics, by contrast, would be highly collinear with the area proportion of the corresponding
vegetation type, making it impossible to distinguish whether NPP changes are driven by the
area of a given vegetation type or by its internal spatial configuration. This design avoids
confounding between compositional quantity and spatial configuration and matches our
core goal of identifying key overall landscape pattern characteristics associated with NPP.
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From over 110 available indices, we selected eight representative metrics spanning
four core dimensions of landscape pattern: area-edge, shape, aggregation, and diversity.
These include number of patches (NP), largest patch index (LPI), landscape shape index
(LSI), contagion index (CONTAG), proportion of like adjacency (PLAD]J), interspersion and
juxtaposition index (IJI), aggregation index (Al), and Shannon’s diversity index (SHDI)
(Table 1). These metrics were chosen to comprehensively characterize landscape pattern
and configuration while minimizing redundancy. Area-edge metrics describe patch size
distribution and landscape dominance; the shape metric quantifies patch edge complexity;
aggregation metrics capture spatial clustering and interspersion of patches; and the diver-
sity metric reflects landscape pattern heterogeneity. All selected indices have been widely
validated as key predictors of ecosystem productivity and vegetation dynamics in previous
regional studies [32,36]. We used a grid-based approach to link landscape metrics to NPP,
dividing the study area into 4102 cells of 10 km x 10 km for metric calculation. This grid
size was selected to align with the characteristic spatial scale at which landscape patterns
modulate ecosystem processes in mountainous watersheds, capturing the dominant struc-
tural heterogeneity that shapes vegetation productivity dynamics [7]. It also matches the
native resolution of our land use and NPP datasets, striking a pragmatic balance that avoids
excessive information loss from overly coarse aggregation and spurious noise from overly
fine partitioning. Furthermore, this grain size is widely adopted in existing regional studies
on landscape patterns and ecosystem productivity in the Yangtze River Basin, ensuring
comparability with published findings [37].

Table 1. Selected landscape pattern indices.

Category Metric Abbreviation Description
Number of patches NP Total Cpupt of discrete patches
within the landscape.
Area and edge
Largest patch index LPI Percentage of landscape area
& covered by the single largest patch.
Shape Landscape shape index LSI Measure 9f patch edge comp.lex1ty
normalized by landscape size.
L Degree of aggregation and
Contagion index CONTAG dispersion of different patch types.
Proportion of like adjacency PLAD] Extent of spatial clustering of same
A . type patches.
ggregation . . . .
Interspersion and 11 Degree of intermixing of different
juxtaposition index patch types.
L Percentage of maximum possible
Aggregation index Al similar patch adjacencies.
Diversity Shannon’s diversity index SHDI Measure of landscape pattern

diversity.

2.5. Construction of Machine Learning Models

We used supervised regression to quantify the relationship between landscape metrics
and NPP, with eight landscape metrics as predictors and annual NPP as the continuous
response variable. We selected six algorithms covering ensemble, distance-based, and
single-tree approaches to ensure a comprehensive comparison of model performance.
These included four tree-based ensemble models: Random Forest (RF), Extreme Gradient
Boosting (XGBoost), Gradient Boosting Regression (GBR), and CatBoost, as well as the non-
parametric K-Nearest Neighbors (KNN) and baseline Classification and Decision Tree (DT).
This selection includes several widely used approaches for modeling nonlinear ecological
relationships and allows us to evaluate the relative performance of different modeling
frameworks for landscape-NPP analysis [38]. All models were implemented in Python 3.10
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using the Scikit-learn, XGBoost, and CatBoost libraries [39]. A fixed random seed was
applied to all stochastic procedures, including dataset splitting and model initialization,
to ensure full reproducibility of the results, and the parameters of each model followed
standard settings commonly adopted in relevant ecological studies. Considering that the
primary objective of this study was to identify associations between landscape metrics and
NPP rather than to develop a transferable spatial prediction model, a conventional random
partitioning strategy was adopted for model training and validation. We randomly split
the dataset into training and test sets in an 8:2 ratio to balance model training sufficiency
and generalization reliability [40].

We evaluated model performance using three standard metrics: coefficient of determi-
nation (R?), root mean square error (RMSE), and mean absolute error (MAE). Higher R?
values combined with lower RMSE and MAE values indicate better predictive performance.
To identify the most robust approach for quantifying landscape-NPP relationships, we
compared the performance of all six models. The performance comparison results are sum-
marized in Table 2: XGBoost achieved the highest test set R? (0.78) and the lowest RMSE
(0.42), outperforming all other models. We, therefore, selected XGBoost as the optimal
algorithm for subsequent variable importance analysis.

Table 2. Performance of different machine learning models.

Machine Learning Models Rc2 RMSEc Rp? RMSEp MAEp
RF 0.82 0.40 0.75 0.48 0.35
XGBoost 0.86 0.32 0.78 0.42 0.31
GBR 0.79 0.45 0.72 0.52 0.38
CatBoost 0.83 0.38 0.76 0.46 0.34
KNN 0.71 0.55 0.65 0.60 0.44
DT 0.89 0.25 0.68 0.58 0.42

Rc? and RMSEc represent the coefficient of determination and root mean square error for the training set. Rp?,
RMSEp, and MAEp represent the coefficient of determination, root mean square error, and mean absolute error
for the test set.

Variable importance was calculated based on the gain metric, which reflects the
average contribution of each feature to reducing model prediction loss. To enable cross-
vegetation-type comparison of relative importance, we normalized the importance scores
within each vegetation-type model by dividing each score by the maximum importance
value in that model (maximum = 1.0). To improve ecological interpretability, we further syn-
thesized the eight individual landscape metrics into three broader landscape dimensions
for subsequent analysis: fragmentation (NP, LSI), aggregation and connectivity (LPI, CON-
TAG, PLAD]J, ]I, Al), and compositional heterogeneity (SHDI). This analysis quantified the
relative contributions of different landscape metrics to NPP prediction and identified key
indices associated with NPP in forests, grasslands, and shrublands.

3. Results
3.1. Dynamic Changes in Vegetation Cover

NDVI in the upper and middle Yangtze River exhibited significant spatial heterogene-
ity during 20002020 (Figure 2a). Overall, 89.58% of the study area showed an increasing
trend in NDVI, with 47.34% showing a statistically significant increase (p < 0.05). Increas-
ing trends were concentrated in the western and eastern mountainous and hilly regions.
Decreasing trends were primarily observed in the central plain and basin core areas. NDVI
remained relatively stable in the plateau and karst transition zones. The spatial pattern of
FVC changes was highly consistent with that of NDVI (Figure 2b), with 47.34% of the area
showing a significant increase in vegetation cover. This consistent pattern of vegetation
cover change provides a foundation for analyzing subsequent landscape reorganization
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and NPP dynamics. Vegetation-type conversion analysis (Figure 3) showed that grassland-
to-forest conversion was the dominant change, accounting for 37.95% of the total converted

area. Shrubland-to-forest conversion was the second most common change, representing
28.39% of the total converted area. Together, these two conversion types accounted for
66.34% of all vegetation transitions. The remaining 33.66% included other minor land
use changes.

(a)

x (b)

High: 0.512

o 0 200 400 km-
Low: —0.565

Figure 2. NDVI and FVC changes across the study area (2000-2020). Green represents high change
values, and blue represents low change values for NDVI (a) and FVC (b).
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Figure 3. Vegetation type transitions across the study area between 2000 and 2020. Colors denote
various land cover conversion types, and white shows areas with no change.
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Table 3 summarizes the temporal changes in the eight landscape metrics from 2000
to 2020. Number of patches (NP) decreased from 2000 to 2005 and increased thereafter.
Al showed a continuous decreasing trend over the study period. LPI decreased initially
and then increased, reaching a maximum of 50.39 in 2020. PLADJ showed a steady
decreasing trend. LSI fluctuated upward, peaking at 187.22 in 2020. CONTAG showed a
slight overall decrease from 55.71 to 55.35, with a minimum in 2015. IJI increased from
2000 to 2010 and then declined. SHDI remained stable between 1.13 and 1.14 throughout
the study period.

Table 3. Landscape metrics in the study area from 2000 to 2020.

Year NP LPI LSI CONTAG PLAD]J IJ1 SHDI Al
2000 89,546.00 48.57 180.01 55.71 71.08 42.27 113 71.18
2005 89,120.00 47.73 179.73 55.69 71.13 42.64 1.13 71.23
2010 90,994.00 47.73 180.80 55.48 70.95 43.06 1.14 71.06
2015 91,765.00 48.03 185.56 55.19 70.18 42.34 1.14 70.29
2020 91,699.00 50.39 187.22 55.35 69.91 41.62 1.14 70.02
Percentage change 2.40% 3.75% 4.01% —0.65% —1.65% —1.54% 0.88% —1.63%

NP, LPI, LSI, CONTAG, PLAD], IJI, SHD]I, and Al represent number of patches, largest patch index, landscape
shape index, contagion index, proportion of like adjacency, interspersion and juxtaposition index, Shannon’s
diversity index, and aggregation index.

3.2. Spatiotemporal Variation Characteristics of NPP Under Different Vegetation Types

Detailed changes in mean and total NPP across different vegetation types are summa-
rized in Table 4. Regional average NPP increased steadily from 599.52 ¢ C m~2 yr~! in 2000
to 651.09 g C m~2 yr~! in 2020, representing a net increase of 51.57 g C m~2 yr~! (8.60%).
Total regional NPP rose by 52.65 Tg C (8.45%) over the same period, while total vegetation
area remained stable at approximately 1.03-1.04 million km?. The spatial distribution of
NPP change areas across the study area is shown in Figure 4. Spatially, NPP increases were
concentrated in southern river valleys, plateaus, and karst mountain regions. Significant
NPP decreases were limited to western high-altitude plateaus and isolated mountain edge
areas. Most other regions showed stable NPP levels. Forests, the dominant vegetation
type, showed the most pronounced NPP gains. However, a different trend emerged during
2015-2020. Mean forest NPP decreased from 762.26 to 737.35 g C m~2 yr~!, whereas shrub-
land and grassland NPP increased from 405.36 to 436.92 g C m~2 yr~! and from 276.64 to
282.80 g C m~2 yr~!, respectively. Average forest NPP increased by 50.56 g C m~2 yr—!,
and total forest NPP rose by 54.37 Tg C. Forest area expanded by 2.18% over the study
period. Forest NPP increases were widespread across most of the study area, with the
strongest gains in regions targeted by large-scale ecological restoration projects. Minor
decreases were observed in a few high-altitude western regions. In stark contrast to forests,
shrublands and grasslands exhibited distinct NPP response trajectories. Average NPP
increased by 12.60% for shrublands and 5.48% for grasslands, but total NPP declined
slightly for both vegetation types. Grassland NPP increases were concentrated in western
high-altitude regions, while decreases occurred in lowland agricultural transition zones.
Shrubland NPP showed scattered increases in marginal areas and remained stable or
declined slightly elsewhere. Overall, forests were the only vegetation type that showed
simultaneous increases in both area and per-unit productivity, driving the overall regional
NPP growth. Shrublands and grasslands showed improved per-unit productivity but
declining total NPP due to area loss.
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Table 4. Changes in mean and total NPP in the study area from 2000 to 2020.
Unit Total
Land Cover Mean NPP (g Cm~—2 yr—1) Change Total NPP (Tg C) Change
(gCm2) (Tg O)
2000 2005 2010 2015 2020 2000 2005 2010 2015 2020
Overall 599.52 603.56 602.23 665.73 651.09 51.57 623.34 626.73 624.34 687.14 676.00 52.65
Forest 686.79 688.32 684.85 762.26 737.35 50.56 560.77 563.37 561.78 626.31 615.14 54.37
Shrub 388.02 395.58 367.73 405.36 436.92 48.90 8.81 8.91 8.43 8.36 8.27 —0.54
Grass 268.11 275.52 279.57 276.64 282.80 14.69 53.76 54.39 54.09 52.53 52.33 —1.42

(©)

Unit change refers to the net change in mean NPP from 2000 to 2020. Total change refers to the net change in total
NPP from 2000 to 2020.

(d

[ Decrease area
[ JIncrease area

0 200 400 km
S S

Figure 4. Spatial distribution of NPP change areas in the upper and middle Yangtze River from 2000
to 2020. Overall vegetation (a); forest (b); grassland (c); shrubland (d). Green represents areas of NPP
decrease, and light brown represents areas of NPP increase. White areas denote regions not covered
by the corresponding vegetation type, which are not included in the NPP change analysis.

3.3. Variable Importance of Landscape Metrics

Based on the selected XGBoost model, we quantified the relative predictive importance
of different landscape metrics for NPP variation. The normalized variable importance
scores for each vegetation type are presented in Table 5. At the overall landscape scale,
fragmentation dimension metrics showed the strongest association with NPP, with NP
being the top-ranked individual predictor. However, the relative importance of differ-
ent landscape dimensions varied significantly across vegetation types, revealing distinct
sensitivities to landscape configuration.

For forests, fragmentation was the landscape dimension most strongly associated
with NPP dynamics, with NP accounting for more than twice the predictive importance of
any other metric. Aggregation and connectivity metrics had secondary importance, while
compositional heterogeneity had the weakest influence. For shrublands, aggregation and
connectivity were the most important landscape dimensions, with LPI being the dominant
individual metric. Fragmentation metrics had moderate importance, and compositional
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heterogeneity had the least influence. For grasslands, aggregation and connectivity were
also the dominant landscape dimensions, but PLAD]J rather than LPI was the most critical
individual metric. Compositional heterogeneity had secondary importance, while frag-
mentation had the weakest influence. Overall, no single landscape metric or dimension
could universally explain NPP dynamics across all vegetation types. Forest NPP showed
the strongest association with landscape fragmentation, shrubland NPP correlated most
closely with the size of dominant patches, and grassland NPP was most strongly linked to
the spatial aggregation of similar patches.

Table 5. Normalized variable importance scores of landscape metrics across different vegetation types.

Vegetation Type NP LPI LSI CONTAG PLAD]J IJ1 SHDI Al
Forest 0.85 0.42 0.31 0.38 0.51 0.49 0.45 0.47
Grass 0.41 0.64 0.38 0.29 0.66 0.23 0.52 0.61
Shrub 0.62 0.74 0.65 0.46 0.63 0.32 0.44 0.58

Overall 0.82 0.52 0.42 0.57 0.48 0.51 0.53 0.49

Variable importance was calculated based on gain (contribution to reducing model loss) in the XGBoost model
and then normalized by dividing each score by the maximum importance value within that vegetation-type
model (maximum = 1.0). NP, LPI, LSI, CONTAG, PLAD], IJI, SHDI, and Al represent number of patches, largest
patch index, landscape shape index, contagion index, proportion of like adjacency, interspersion and juxtaposition
index, Shannon’s diversity index, and aggregation index.

4. Discussion
4.1. Dynamic Conversion and Differentiation of Vegetation in the Study Area

Vegetation type changes and landscape pattern evolution were highly consistent
across the study area from 2000 to 2020. Regions with significant NDVI and FVC increases
were concentrated in mountainous and hilly areas, and their spatial distribution closely
matched landscape pattern changes. The initial decrease and subsequent increase in
NP likely reflect two distinct phases of ecological restoration. Early implementation of
the Grain for Green Program reduced patch numbers by consolidating degraded land.
Later conversion of grassland and shrubland to forest increased patch numbers as new
forest patches formed. These landscape changes are closely associated with the overall
improvement in regional vegetation cover [41,42]. Consistent with previous research,
NDVI and FVC showed continuous decreasing trends in the central Sichuan Basin urban
agglomerations [43], indicating vegetation degradation and declining ecological quality.
Most previous studies attributed this to the direct conversion of natural vegetation to
construction land. Our analysis of LSI, which increased to 187.22, further suggests that
vegetation degradation in these areas is related not only to direct land conversion but also
to declining landscape connectivity alongside urban expansion. NDVI remained relatively
stable in the Northwestern Yunnan Plateau, Central Guizhou Karst Mountains, and Middle
Nanling Mountains, consistent with findings from the environmentally similar Kherlen
River Basin [44]. The lack of significant changes in SHDI and CONTAG suggests that these
regions are constrained by topographic conditions and ecological carrying capacity, leading
to slower responses to anthropogenic disturbances.

Previous studies have identified land use change as the dominant driver of regional
NPP dynamics [45], but few have examined the effects of vegetation type spatial reorga-
nization and associated landscape pattern changes. Our results suggest that conversion
of grassland and shrubland to forest, rather than simple increases in vegetation cover,
shows the strongest association with sustained NPP improvement in the region. This likely
reflects the stronger competitive advantages and more stable community dynamics of forest
ecosystems in areas with high topographic relief. The expansion of forest area corresponds
to increases in both per-unit area NPP and total regional NPP across the study area. The
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observed increase in LPI further indicates that forests have strengthened their dominant
position in the regional landscape. Forests generally have higher leaf area index, greater
carbon sequestration capacity, and more stable community structure than grasslands and
shrublands [46-48]. Their increasing dominance is, therefore, consistent with the observed
pattern of regional NPP growth [49]. In stark contrast, grasslands and shrublands showed
increased per-unit NPP but decreased total NPP.

An additional noteworthy pattern is that mean forest NPP declined between 2015
and 2020, whereas shrubland and grassland NPP continued to increase. This divergence
may reflect increasing climatic stress, including regional warming and more frequent
drought events reported in parts of the Yangtze River Basin during recent years. In
addition, as restored forests gradually mature, productivity growth may slow because a
larger proportion of assimilated carbon is allocated to maintenance respiration rather than
biomass accumulation. By contrast, shrublands and grasslands often respond more rapidly
to short-term environmental improvements and resource availability, which may explain
their continued productivity increases.

This divergent pattern reveals significant vegetation-specific ecological heterogeneity
in productivity responses to landscape change. It also suggests that regional NPP dynamics
are primarily associated with changes in the area of high-productivity vegetation types
rather than internal productivity changes within individual types. The decreasing trend in
PLAD]J and fluctuating IJI indicate that forest expansion has not been entirely contiguous.
Instead, it has been accompanied by increasing landscape heterogeneity and fragmenta-
tion. This finding contrasts with some previous studies that suggested increasing forest
aggregation in the Yangtze River Basin [32]. Excessive fragmentation can impair material
cycling, population dispersal, and ecosystem stability, potentially offsetting some of the
NPP gains from forest expansion [50]. These findings have important implications for
ecological restoration and territorial spatial governance in the Yangtze River Basin. Future
efforts should not only focus on expanding forest area but also on optimizing the spatial
configuration of forest patches. Promoting reasonable aggregation and connectivity among
patches can avoid excessive structural complexity from disorderly expansion, leading to
coordinated improvements in landscape stability and ecological function.

4.2. Mechanisms Linking Landscape Pattern Changes to NPP Across Vegetation Types

Our results demonstrate that landscape configuration is significantly associated with
NPP dynamics, but the relative predictive importance of different landscape dimensions
varies dramatically across vegetation types. The superior performance of XGBoost over
traditional linear models confirms that landscape-NPP relationships are highly nonlinear
and involve complex interactions among metrics [39]. This finding challenges the common
assumption of linear relationships in many previous studies. While Pearson correlation
analysis may identify multiple significantly correlated landscape metrics [14,51], it tends
to amplify the statistical significance of highly correlated indices, leading to results with
limited ecological interpretability [52]. Most previous studies have only identified general
landscape-NPP relationships at the regional scale [53,54]. Our vegetation-specific analysis
reveals that no single landscape dimension or metric can universally explain NPP dynamics
across all vegetation types, and the ecological mechanisms underlying these associations
need to be interpreted in combination with vegetation functional traits and regional environ-
mental contexts. These results highlight the context-dependent nature of landscape-NPP
associations, as similar changes in individual metrics may correspond to different ecological
outcomes for different vegetation types. This explains the inconsistent results reported
in previous studies that did not distinguish between vegetation types. Machine learning
approaches, which can comprehensively model nonlinear and interaction effects, are, there-

https:/ /doi.org/10.3390/£17070797


https://doi.org/10.3390/f17070797

Forests 2026, 17,797

12 of 17

fore, better suited to capture these vegetation-specific responses. This vegetation-specific
perspective has important implications for ecological restoration. It allows the development
of targeted landscape optimization strategies rather than one-size-fits-all approaches.

Fragmentation-related metrics, particularly NP, showed strong associations with over-
all regional NPP dynamics. NP has been widely recognized as a key indicator of landscape
change in the Yangtze River Basin [55]. Our study found that it showed the strongest
association with both overall vegetation NPP (importance = 0.82) and forest NPP (impor-
tance = 0.85). This is because forest ecosystems are particularly sensitive to edge effects,
and changes in patch number regulate forest productivity by modifying edge habitat pro-
portions, microclimatic conditions, and resource capture efficiency. An increase in patch
number creates more edge habitats, which alter microclimatic conditions, light availability,
and soil nutrient cycling, thereby potentially altering the growth conditions of interior for-
est habitats [56,57]. However, the ecological effects of fragmentation are context-dependent.
In our study area, the observed increase in NP was not associated with a decline in forest
NPP. This is because the increase in patch number primarily resulted from the formation
of new forest patches through grassland and shrubland conversion, rather than the sub-
division of existing mature forest patches. Most of these newly established patches are in
the early successional stage with high productivity growth potential, and their formation
increases both patch count and regional vegetation productivity, offsetting any negative
edge effects of fragmentation. Therefore, simply reducing the patch number should not be
a universal management goal for ecological restoration. In the early stages of restoration,
increased patch number may actually reflect successful vegetation establishment rather
than degradation. In contrast, patch shape complexity (LSI) had relatively low importance
for NPP across all vegetation types. This suggests that patch shape primarily affects NPP
indirectly through its influence on hydrological and microclimatic processes, rather than
being a direct driver of productivity [58,59].

Landscape connectivity, represented by LPI, PLAD]J, and IJI, showed the strongest
association with NPP dynamics for grasslands and shrublands. For grasslands, PLAD]J was
the most important metric, reflecting the critical role of patch aggregation for grassland
productivity. Grassland ecosystems rely heavily on spatial connectivity for seed dispersal,
nutrient cycling, and pollination. Higher patch aggregation is thought to facilitate the
movement of resources and organisms between patches, which may explain its positive
association with overall productivity [60]. Therefore, grassland restoration should prioritize
improving patch connectivity and spatial continuity rather than simply increasing patch
number. Fragmented grassland patches often suffer from dispersal limitation and resource
isolation, which prevent them from achieving their full productivity potential. In contrast,
NP showed a relatively weak association with grassland NPP, indicating that a simple
increase in patch number is not strongly linked to higher grassland productivity. This
difference in sensitivity between forests and grasslands highlights the context-dependent
nature of landscape metric effects. For forests, increased patch number generally indicates
degradation, but for grasslands, it may reflect either natural expansion or anthropogenic
disturbance such as grazing or land use conversion [61]. Such processes often lead to a
reduction in patch size without a synchronous enhancement of ecological functions, making
it difficult for an increase in patch number to exert a significant impact on grassland NPP.
This indicates that an increase in the number of grassland patches should not be directly
regarded as a signal of ecological improvement. It should be evaluated in combination
with its underlying formation mechanism. For shrublands, LPI was the most important
connectivity metric. Shrublands typically occur in ecologically fragile areas or successional
transition stages, where the size of dominant patches regulates productivity mainly through
core habitat stability and ecological succession continuity. Large, continuous shrub patches
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can maintain intact community structure and successional dynamics, buffer drought stress
and anthropogenic disturbances from edge habitats, and provide stable refugia for species
persistence and biomass accumulation, which corresponds to higher NPP [62]. In contrast,
scattered small patches are more vulnerable to external interference and are prone to
reverse succession, making it difficult to sustain stable productivity. Therefore, shrubland
restoration should focus on maintaining and expanding large core patches rather than
creating numerous small, isolated patches.

IJI had the lowest importance for both grasslands and shrublands. This is because
IJI primarily reflects the intermixing of different patch types, while the productivity of
grasslands and shrublands is mainly related to the internal structure and connectivity of
patches of the same dominant vegetation type [63-65]. These ecosystems are relatively
insensitive to the degree of interspersion with other vegetation types.

Landscape pattern heterogeneity, represented by SHDI and CONTAG, showed rel-
atively weak associations with NPP across all vegetation types. This suggests that in
the upper and middle Yangtze River Basin, NPP dynamics are primarily associated with
changes in landscape configuration rather than compositional diversity. However, it should
be noted that moderate heterogeneity may still play an important role in maintaining
biodiversity and ecosystem stability, even if it does not directly affect productivity. Overall,
our results reveal three distinct association patterns across vegetation types: forest NPP is
most strongly associated with fragmentation, grassland NPP with patch aggregation, and
shrubland NPP with core patch size. This vegetation-specific heterogeneity in landscape
responses provides a new framework for understanding landscape-NPP relationships and
designing more effective ecological restoration strategies. Specifically, restoration practices
should prioritize the integrity and spatial continuity of dominant patches for shrublands
and grasslands, while focusing on reducing excessive fragmentation for forest ecosystems.

4.3. Limitations of the Study

This study still has the following limitations that need to be clarified. First, the present
analytical framework identifies statistical associations between landscape patterns and
NPP rather than direct causal relationships, because environmental covariates such as
climate, topography, and human activities were not explicitly incorporated. Second, the
use of random train—test partitioning may have led to optimistic estimates of model perfor-
mance due to spatial autocorrelation, and future studies should consider spatially explicit
validation approaches. Third, because landscape-NPP relationships are scale-dependent,
the conclusions obtained at the 10 km spatial grain may vary under different spatial scales.
Meanwhile, the gain-based variable importance reflects the contribution of each predictor
to model prediction performance, which is not equivalent to the strength of underly-
ing ecological mechanisms. This analysis alone cannot demonstrate causal relationships,
quantify the direction of ecological responses, or identify functional thresholds between
landscape patterns and NPP. Finally, uncertainties associated with land-cover classification
accuracy, MODIS spatial resolution constraints, CASA-derived NPP estimation, and error
propagation may have influenced the results. Future studies integrating multi-scale analy-
sis, uncertainty quantification, and mechanistic interpretation approaches could further
improve the robustness of landscape-NPP research.

5. Conclusions

This study analyzed the spatiotemporal dynamics of vegetation cover, landscape pat-
terns, and NPP in the upper and middle Yangtze River Basin from 2000 to 2020 and explored
the relationships between landscape patterns and NPP under different vegetation types
using machine learning methods. The results showed that landscape configuration was
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significantly associated with NPP dynamics, but the strength and pattern of associations
varied considerably among vegetation types. Forest NPP showed the closest association
with fragmentation, grassland NPP was mainly linked to patch aggregation and connectiv-
ity, while shrubland NPP correlated most strongly with the size and stability of dominant
patches. In addition, the associations between landscape patterns and NPP exhibited
strong nonlinear characteristics, indicating that machine learning methods are effective for
capturing complex ecological statistical relationships. Future ecological restoration efforts
in the upper and middle Yangtze River Basin should, therefore, adopt vegetation-specific
landscape optimization strategies, with greater emphasis on reducing forest fragmentation,
improving grassland connectivity, and maintaining stable core shrubland patches.
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