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Abstract

Hainan Tropical Rainforest National Park is a prime example of a “continental island” trop-
ical rainforest and holds significant value for biodiversity conservation. However, human
activities have led to frequent changes in land use and increased habitat fragmentation
within the park; a precise analysis of the underlying mechanisms is necessary for ecological
restoration. Consequently, drawing upon land-use data from 2000 to 2020, this study cou-
pled multi-dimensional fragmentation metrics (CFI, AFI, and SFI) with the XGBoost-SHAP
framework to systematically unravel the spatiotemporal dynamics and underlying driving
mechanisms of landscape fragmentation in Hainan Tropical Rainforest National Park. Our
findings revealed that the spatial configuration of fragmentation predominantly propagated
along river networks and transport corridors, accompanied by a fluctuating ‘decline-rise—
decline’ temporal trajectory. Notably, the XGBoost-SHAP attribution highlighted a distinct
temporal shift in the dominant drivers: fragmentation was primarily mitigated (negatively
driven) by NDVI between 2000 and 2010 but was subsequently exacerbated (positively
driven) by GDP growth from 2010 to 2020. The findings of this study provide data support
and a scientific basis for ecosystem restoration and land use planning in Hainan Tropical
Rainforest National Park.

Keywords: landscape fragmentation; driving force Hainan; Tropical Rainforest National
Park; XGBoost-SHAP; ecological restoration

1. Introduction

The precipitous decline in global biodiversity is largely driven by the destruction and
degradation of natural ecosystems, especially forests [1]. This habitat destruction involves
not merely total area loss, but also profound landscape fragmentation. To isolate the effects
of altered spatial configurations, classical landscape ecology strictly defines landscape
fragmentation (i.e., fragmentation per se) as the subdivision of large, contiguous patches into
smaller, isolated fragments, independent of habitat loss [2]. Altered regional landscape
patterns, heightened patch isolation, and anthropogenic edge disturbances synergistically
induce long-term structural and functional shifts within the remaining patches [1,3]. No-
tably, fragmentation-induced edge effects have become a critical microenvironmental driver
for increased tree mortality [4]. Under the strategy of China’s Ecological Civilization, the
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optimization of territorial space and ecological conservation have been elevated to un-
precedented importance. Consequently, analyzing the drivers of landscape fragmentation
serves as a crucial foundation for scientific management and effective policy regulation.
Particularly against the backdrop of increasing habitat loss and fragmentation, China is
actively advancing the development of a system of protected areas centered on national
parks, effectively preserving the authenticity and integrity of ecosystems [5]. Striking the
right balance between conservation goals in protected areas and development in surround-
ing areas to improve human well-being is a central social issue [6]. Therefore, identifying
and quantifying the key drivers of land use change in national parks is essential for the
more rational and effective management of these parks. Against this backdrop, unrav-
eling the driving mechanisms of landscape fragmentation serves not merely as a vital
avenue for reconciling conservation-development conflicts but as an essential prerequisite
for evidence-based spatial management, effective policy interventions, and sustainable
forest management.

Landscape fragmentation is generally driven by the complex interplay between en-
vironmental and anthropogenic factors, with its underlying mechanisms exhibiting pro-
nounced regional heterogeneity. In the Amazon basin, fragmentation is primarily fueled by
persistent deforestation, land-use conversions, and mounting demographic pressures [4].
Across Southeast Asia, economic land concessions in Cambodia have precipitated intensive
logging, posing a direct threat to the integrity of core forests [7], whereas agricultural
expansion remains the dominant driver in northern Thailand [8]. Conversely, in China,
macro-level ecological restoration initiatives aimed at mitigating habitat degradation and
fragmentation—such as desertification control and the Grain for Green Program—have
substantially facilitated vegetation recovery and the transition of non-forested areas back
into woodlands [9]. However, within the framework of a protected area system centered
on national parks, although policies strictly restrict resource extraction and agricultural
development, conflicts persist because of the overlap between community development
and ecological conservation. Human activities, such as infrastructure development, urban
sprawl, and shifts in livelihoods, remain key drivers of land use changes in protected areas,
and these human disturbances are even spreading into core protected areas [10,11]. These
natural, policy, and socioeconomic factors collectively contribute to the ongoing evolution
of land use patterns [12,13], which in turn profoundly affects the spatial pattern of the
forest landscape.

Analytical methods for identifying the drivers of land use change have advanced
significantly and have become key strategies for ecological planning and restoration.

Current research primarily employs statistical and machine learning methods to con-
duct quantitative analyses of the drivers of land use change. These methods include
principal component analysis, random forest analysis, logistic regression, Geodetector,
multiple linear regression (MLR), geographically weighted regression (GWR), and the
XGBoost-SHAP model [14]. Different models have their own advantages, but they also
have limitations [13]. While traditional MLR intuitively reveals the marginal effects of
individual variables, its strict linear assumptions hinder its ability to capture complex
non-linear relationships and interactions among variables [15]. Geodetector excels at ana-
lyzing factor interactions; however, it requires the discretization of continuous variables,
inevitably leading to a loss of original data information [16]. Recently, machine learning
models (e.g., neural networks and Random Forests) have been widely adopted due to
their exceptional non-linear analytical capabilities, yet they possess inherent limitations.
For instance, neural networks are highly susceptible to overfitting, while Random Forests
exhibit a limited upper bound in accuracy when extracting deeply complex patterns [13].
To further enhance model accuracy and generalization performance, current research trends
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have shifted towards more advanced machine learning algorithms, such as LightGBM [17],
CatBoost [18], and XGBoost. Among these, XGBoost has been extensively applied in studies
on land use and forest cover evolution, owing to its robust non-linear fitting capabilities,
efficient feature selection mechanism, and superior resistance to overfitting [19]. Never-
theless, the “black-box” nature of advanced algorithms like XGBoost obscures in-depth
mechanistic interpretations of the underlying driving forces. Consequently, introducing the
SHAP (SHapley Additive exPlanations) post hoc explanation framework has emerged as a
crucial solution to overcome this barrier [20]. This framework not only renders the non-
linear decision-making process completely transparent but also precisely quantifies feature
contributions from global, local, and even spatial multidimensional perspectives, thereby
significantly enhancing the interpretability and applicability of machine learning under
complex geographical conditions [20,21]. Particularly in landscape ecological assessments,
the XGBoost-SHAP model can not only accurately identify the complex non-linear response
patterns of driving factors but also scientifically detect critical ecological mutation thresh-
olds that trigger landscape fragmentation [22], thereby providing a reliable quantitative
basis for habitat conservation decision-making.

Hainan Tropical Rainforest National Park (HNTRNP) is home to China’s most con-
centrated, best-preserved, and largest contiguous expanse of “continental island” tropical
rainforest, which serves as a repository for globally unique flora, fauna, and genetic re-
sources [23,24]. However, in the mid-to-late 20th century, large-scale industrial logging
and slash-and-burn farming reduced the area of natural forests to less than 1400 km?,
accounting for only 10.42% of the total land area. Forest fragmentation is worsening, posing
a serious threat to wildlife habitats. In recent years, driven by policies related to the Hainan
Free Trade Port and the International Tourism Island, infrastructure development within
HNTRNP has increased. While this has generated economic benefits, it has also led to a
reduction in habitats within the national park, increased landscape fragmentation, and
disrupted wildlife migration routes [25].

Against this backdrop, the overarching objective of this study is to comprehensively
assess the spatiotemporal dynamics of landscape fragmentation in Hainan Tropical Rainfor-
est National Park and to unravel its complex underlying driving mechanisms. To achieve
this, we outline two primary tasks: (1) quantitatively evaluating land-use dynamics and
the evolution of spatial landscape configurations from 2000 to 2020 using a composite suite
of landscape metrics; and (2) introducing the XGBoost-SHAP framework to elucidate the
relative contributions of biophysical, socio-economic, and policy factors to fragmentation.
This research carries substantial methodological and practical significance. Methodolog-
ically, by integrating composite landscape metrics with the SHAP-interpreted XGBoost
model, we transcend the limitations of traditional linear models in capturing complex non-
linear ecological processes, thereby allowing for the precise quantification of the localized
contributions of various drivers. Practically, this study will yield spatially explicit maps
of driver importance alongside robust quantitative assessments. These deliverables will
not only offer direct empirical evidence for optimizing territorial spatial planning within
the national park but also precisely inform spatially differentiated ecosystem restoration
strategies, ultimately fostering a sustainable balance between strict rainforest conservation
and local community development.

2. Materials and Methods
2.1. Study Area

HNTRNP (108°44'32" E-110°04'43" E, 18°33/16" N-19°14'16" N) [24], which is located
in the mountainous region of central Hainan Island, spans nine cities and counties, includ-
ing Wuzhishan, Qiongzhong, and Baisha, with a total area of approximately 4269 km? [26],
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accounting for approximately 12.1% of Hainan Island’s land area (Figure 1). The national
park covers a wide range of elevations, with the highest point at Wuzhishan (1867 m) and
the lowest at the Duzong River Valley in the Diaoluo Mountain area (45 m). The study area
is characterized by a tropical maritime monsoon climate, with an annual mean temperature
ranging from 22.5 °C to 26.0 °C and a long-term average annual precipitation of 1759 mm.
Precipitation is unevenly distributed throughout the year, with distinct dry and wet seasons.
The favorable climate has fostered a high level of biodiversity, with 3653 species of vascular
plants and 540 species of terrestrial vertebrates recorded [5,26].
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Figure 1. Location of the study area.

2.2. Data Sources and Preprocessing

The data used in this study include land use data, topographic data, meteo-
rological data, aboveground biomass data, and socioeconomic data (Table 1). All
the data were resampled to a spatial resolution of 30 m and projected using the
CGCS2000_3_Degree_GK_CM_111E coordinate system.

Table 1. Description of data sources and processing methods.

Type Year Resolution Data Sources and Processing

The data are derived from the China LUCC dataset
developed by Xu et al. [27], which is available through
the Resource and Environmental Science Data
Registration and Publication System
(http:/ /www.resdc.cn/DO], accessed on 3 June 2026). It

I?ESHU:?I{[CJ%‘S; 2000, 2005, 30m has a spatial resolution of 30 m and uses the Krasovsky
g 2010, 2015, 2020 1940 Albers coordinate system. Based on the natural
Data . . [
attributes of land resources, a two-tier classification

system is employed, covering six major categories and
25 subcategories, including land use/land cover types
such as Paddy field, Dryland, Forest land, and Shrub
forest.
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Table 1. Cont.

Type

Year

Resolution Data Sources and Processing

Meteorological data

2000, 2005,
2010, 2015, 2020

It mainly includes the annual average temperature and
annual average precipitation, with data sourced from the
1 km Resource and Environment Data Cloud Platform,
Chinese Academy of Sciences (http://www.resdc.cn,
accessed on 3 June 2026).

Digital Elevation
Model (DEM)

2019

The 30 m resolution ASTER GDEM digital elevation data
is sourced from the Geospatial Data Cloud
(https:/ /www.gscloud.cn/, accessed on 3 June 2026),
and slope and aspect data are extracted from the
elevation data using the Surface Analysis tools in ArcGIS
10.8 software.

30m

NDVI

2000, 2005,
2010, 2015, 2020

The data were obtained from the China Annual NDVI
and EVI 1 km dataset developed by Xu [28], available at
1 km the Resource and Environmental Science Data
Registration and Publishing System
(http:/ /www.resdc.cn, accessed on 3 June 2026).

Socioeconomic data

2000, 2005,
2010, 2015, 2020

All data are sourced from the Resource and Environment
Science Data Registration and Publication System; among
1 km them, the GDP data is from Xu [29]; population data
from Fu et al. [30]; and nighttime light data from Xu [31]
(http:/ /www.resdc.cn, accessed on 3 June 2026).

Aboveground
Biomass (AGB)

2000, 2005,
2010, 2015, 2020

Changes in forest carbon stocks have a significant impact
on LUCC [32], and AGB is a key indicator of carbon
stocks. The data are sourced from the annual Chinese
30 m forest AGB dataset developed by Cai et al. [33] using
multispectral remote sensing data and a residual neural
network, with a spatial resolution of 30 m and the
WGS84 coordinate system.

Human Footprint

2000, 2005,
2010, 2015, 2020

The data is sourced from the global annual human
footprint dataset developed by Mu et al. [34], with a
1km spatial resolution of 1 km and in the WGS84 coordinate
system. (https://doi.org/10.6084/m9.figshare.16571064,
accessed on 3 June 2026)

HNTRNP Boundary
Data

Data sourced from the official website of the Hainan
Bureau of Surveying, Mapping and Geoinformation
(https:/ /hism.mnr.gov.cn/sjkf/, accessed on
3 June 2026).

To address the differences in spatial and temporal resolution among multisource

datasets, this study adopted the approach described in previous research [35]: (1) In the

analysis of driving factors, to standardize spatial resolution, all factors with a resolution

greater than 1000 m were resampled to 30 m using the resampling method. (2) In terms of

the time period, the meteorological, AGB, and socioeconomic data cover the period from
2000 to 2020, which is consistent with the study’s time series. Furthermore, the DEM data
exhibit high temporal stability and require no processing.

2.3. Research Methods

This study consists of four main parts: (1) Data collection and preprocessing. (2) Analy-

sis of land use changes. Using a land use transition matrix, this study analyzed the patterns
and trends of land use transitions within HNTRNP from 2000 to 2020. (3) Extraction of
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landscape indices. In this study, the moving window method was employed, and LULC
data from HNTRINP were used to select nine landscape indices. These indices were inte-
grated into three composite indices based on patch connectivity, aggregation, and structure
to quantitatively analyze the spatial patterns of land use change [36]. (4) Driver analysis
method. XGBoost-SHAP was selected to analyze the drivers of land use. The types of
drivers included topography, meteorology, AGB, environment, and socioeconomic factors.

2.3.1. Analysis of Land Use Change

The land use transition matrix enables a quantitative analysis of the area and direction
of transitions between different land use types across various time periods, revealing the
patterns and trends of transitions within and between land use types [37,38]. The formula
is as follows:

Si1 S12 -+ S

Soy S» -+ Sy
S=1 . . )

Snl SnZ e Snn

where S represents the land use transition matrix;  represents the number of land types; i
and j denote land types at the beginning and end of the study period, respectively, with i
andj=1,23, ..., n; and §;; represents the area that has transitioned from type i to type j.

2.3.2. Landscape Pattern Analysis Method

Landscape indices effectively reflect the spatial configuration characteristics of land-
scape structure and landscape pattern [39,40]. On the basis of land use/land cover maps,
this study used Fragstats 4.2 software to extract nine landscape indices from within the na-
tional park using a moving window approach and analyzed their connectivity, aggregation,
and structure. Zou et al. [36] proposed a set of quantitative forest fragmentation indices:
the connectivity-based fragmentation index (CFI), the aggregation-based fragmentation
index (AFI), and the structure-based fragmentation index (SFI). The CFI includes the total
core forest area (TCA), largest patch index (LPI), and landscape fragmentation index (LDI).
The higher the CFI value is, the stronger the connectivity and the higher the degree of
clustering. The AFI includes the aggregation index (Al), percentage of similar adjacencies
(PLAD]J), and the average Euclidean nearest-neighbor distance between patches (ENN).
The higher the AFI value is, the higher the degree of aggregation. The SFI includes the
mean patch area (MPA), edge density (ED), and number of patchs (NP). A higher SFI value
indicates a greater degree of fragmentation.

This study employed semivariogram analysis—a fundamental geostatistical technique—
to quantitatively characterize spatial heterogeneity [41]. By integrating the moving window
method with semivariogram analysis based on 30 m resolution land-use data, we sys-
tematically evaluated seven distinct spatial scales (from 300 m to 2100 m, with a 300 m
increment). Specifically, nine fundamental landscape metrics were first extracted utilizing
Fragstats 4.2, which were then processed in ArcGIS 10.8 to generate spatial raster maps for
three composite landscape indices. Based on a comprehensive assessment of the model
goodness-of-fit (R?) and spatial autocorrelation structures across varying scales, the 300 m
window was identified as the optimal analytical scale for subsequent analyses (Table S1).

CFI — LDInor + TCAnor + LPInor
3
AFI — ENNnor + PLAD]or + Alnor

3
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EDHOT + NPHOI' + MPAHOT
3

where LDInor, TCAnor, LPInor, ENNnor, PLADJ, o, Alnor, EDnor, NPnor, and MPApo; repre-
sent the normalized values of the respective fragmentation metrics.

SFI =

2.3.3. Driving Force Analysis

To quantify the relative contributions of diverse drivers to landscape fragmentation
within HNTRNP, we employed the eXtreme Gradient Boosting (XGBoost) algorithm to
decipher complex ecological relationships in large-scale datasets. By constructing an
ensemble of decision trees, XGBoost utilizes a forward stagewise additive approach to
iteratively fit residuals [42], making it exceptionally capable of capturing the complex,
non-linear dynamics of drivers during long-term landscape evolution. To circumvent the
inherent ‘black-box’ limitations of traditional machine learning models, we further coupled
XGBoost with the SHAP (SHapley Additive exPlanations) framework, an interpretability
tool derived from cooperative game theory [43]. By computing the marginal contribution
of individual features to the overall model prediction, the SHAP method facilitates the
precise identification and quantification of the paramount drivers dictating landscape
fragmentation in HNTRNP. Furthermore, it enables the intuitive visualization of individual
factor response patterns, effectively illuminating the critical elements that exert the most
profound influence [42].

To systematically explore the underlying driving forces (Table 2), a spatial grid (fishnet)
with a 1 km x 1 km resolution was constructed via ArcGIS 10.8, extracting a total of
3308 effective sampling points within the study area. The model hyperparameters were set
as follows: max_depth = 3, learning_rate = 0.05, n_estimators = 100, random_state = 42,
colsample_bytree = 0.8.

Table 2. Performance metrics of the XGBoost model for predicting AFI, CFI, SFI.

Composite Landscape

2 o,
Fragmentation Index Year R RMSE MAPE (%)
2005 0.273 0.063 7.534
AFI 2010 0.251 0.069 8.467
2015 0.216 0.066 8.063
2020 0.255 0.061 7.686
2005 0.007 0.127 7.623
CFI 2010 0.006 0.134 9.423
2015 0.005 0.131 9.238
2020 0.007 0.134 8.327
2005 0.005 0.133 8.017
SFI 2010 0.001 0.136 8.928
2015 0.004 0.139 9.008
2020 0.004 0.147 8.453

In the driving force analysis, the absolute AFI value derived from the moving window
analysis was selected as the dependent variable (e.g., the 2000-2005 stage corresponds to
the AFI in 2005). Table 3 shows extremely poor fits for CFI and SFI. Only AFI demonstrates
valid explanatory power (R? > 0.2) with the lowest and most stable prediction errors
(RMSE, MAPE), justifying its selection for the subsequent driving force analysis. On the
basis of previous studies [32,44,45], we selected 11 driving factors, namely, the DEM, slope,
aspect, annual mean temperature (Tem), annual mean precipitation (Pre), NDVI, annual
aboveground biomass (AGB), population density, GDP per capita, and human footprint.
We also tested the driving factors for multicollinearity by calculating the variance inflation
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factor (VIF) and removing those with high VIF values (>10), which indicate the presence of
multicollinearity [42]. For Nighttime Light, the p-values were consistently >0.05 across the
models for 2005, 2010, 2015, and 2020.

Table 3. Variance Inflation Factor (VIF) and significance analysis of the explanatory variables incorpo-
rated in the XGBoost model.

2005 2010 2015 2020
Driving Factors
p VIF P VIF p VIF P VIF
Aspect 0.01 1.01 <0.01 1.01 <0.01 1.01 <0.01 1.01
Slope 0.04 1.10 0.03 1.10 0.03 1.10 0.01 1.12
DEM 0.02 3.06 0.03 3.03 0.03 3.03 0.04 4.13
Temperature 0.01 5.42 0.10 3.56 0.05 3.56 0.05 5.10
Precipitation 0.03 3.68 0.05 1.68 0.04 1.68 0.01 2.12
NDVI 0.02 1.20 <0.01 1.17 <0.01 117 0.05 1.11
Aboveground Biomass <0.01 1.08 0.03 1.11 0.03 1.11 0.01 1.10
GDP 0.03 1.09 0.05 1.17 0.05 117 0.04 1.29
Human Footprint <0.01 1.19 <0.01 1.16 <0.01 1.16 <0.01 1.16
Nighttime Light 0.80 1.01 0.53 1.04 0.53 1.04 0.98 1.06
Population Density 0.05 1.00 0.02 1.00 0.02 1.00 <0.01 1.01
3. Results

3.1. Characteristics of Spatial Pattern Dynamics in the Hainan Tropical Rainforest National
Park Ecosystem

3.1.1. Changes in the Spatial Patterns of Land Use Types

From a temporal perspective (Figure 2), between 2000 and 2020, HNTRNP consistently
maintained a forest-dominated landscape, with forest cover remaining above 80%. During
the study period, the forest area fluctuated but increased slightly overall, following a
pattern of “initial growth followed by decline.” Ultimately, the forest area increased by
24.34 km?, reaching a peak of 3640.03 km? in 2005. Grasslands with high coverage are the
second-largest land use type; their area followed a pattern of “initial increase followed
by a decline” before gradually stabilizing, with a net decrease of 25.66 km? during the
study period.

Land use/Land cover I 2020
2015
Other construction land % gggg
Rural settlements - 2000
Floodplains -
Reservoirs and ponds -%
Rivers and canals —5
Low-coverage grassland
Moderate-coverage grassland —5
High-coverage grassland —E
Other forest land —E
Sparse woodland -5
Shrub forest —%
Forest land
Dryland -E-
Paddy field - Area (km?)
0 1(IJO Z(IJO 360 36IOO 37|00

Figure 2. LUCC area in Hainan Tropical Rainforest National Park, 2000-2020.
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Although the size of the shrubland has decreased slightly, it has remained generally
stable. During the study period, the expansion of reservoirs and ponds was most significant,
with their total area increasing by 25.51 km?2. In contrast, tidal flats, rural settlements, and
other developed land accounted for less than 0.1% of the total area during the study period.
Overall, the land use structure in the study area exhibited a high degree of stability during
the study period.

From a spatial perspective (Figure 3), changes in land use patterns within HNTRNP
between 2000 and 2020 exhibited marked spatial heterogeneity, which was primarily con-
centrated around waterways and roads. Specifically, as exemplified by the areas where
Limu Mountain and Wuzhi Mountain meet, the changes involve the conversion of grass-
lands with high vegetation cover into forested areas, as well as the conversion of other
nonforested areas into forested areas. Another region exhibiting large changes is the south-
ern part of Bawangling, where dry land and grasslands with high vegetation cover have
been converted into reservoirs and ponds. Apart from the areas mentioned above, spatial
changes in other land categories have been relatively sporadic and have not formed any
significant trends.
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Jianfengling 3T ™ Diaoluo mofritain
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109°0'0"E 110°0'0"E
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[]Paddy field-Forest land

[ Paddy field-Reservoirs and ponds
[ Dryland-Reservoirs and ponds

Il Forest land-Paddy field

I Forest land-Shrub forest

Il Forest land-Other forest land

[ Forest land-High-coverage grassland

I sShrub forest-High-coverage grassland

I Sparse woodland-Forest land

Il Sparse woodland-Other forest land

Il Other forest land-Forest land

Il High-coverage grassland-Forest land

[ High-coverage grassland-Shrub forest

Il High-coverage grassland-Rivers and canals

[""1Forest land-Moderate-coverage grassland [l High-coverage grassland-Reservoirs and ponds

[ Forest land-Reservoirs and ponds
I Shrub forest-Forest land

I Moderate-coverage grassland-Forest land
[ |Floodplains-Reservoirs and ponds

Figure 3. Land use change map. (Change patches smaller than 1 km? are omitted for visual clarity).

3.1.2. Land Use Transition Matrix

Land use changes in HNTRNP remained relatively stable from 2000 to 2020 (Figure 4),

with a total land use change of 122.35 km?. Overall, the shift was primarily from high-
coverage grassland and other forestland to forestland. High-coverage grassland and
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other forestland were reclassified as forestland, with areas of 27.11 km? and 18.68 km?,
respectively. Dry land was reclassified as rivers and canals, with a total area of 13.73 km?.

a 2000 2005 2010 2015

2020 b

30.15 1.97
\
t 3589.74 3639.60 3614.79 3616.22 3613.98
==
g 3719 —
<
283.58
w232 w277l - 257.85() P2sezs 0 [ 257.96
161.88 ~161.110 160.20 [0 [0160.39 [0 160.06 3589.87
o S
$30= 5964 = 72:62 =72.64 <& 2000.00
320 34.60= = =36.33 =36.70
29.92 = 17.77 - 398 - —11.44 ~16.11 3000100
20.30 - 18.23 — 18.83 — - 18774 —-18.74 :

[ IDryland [ |Floodplains

[ Paddy field i Reservoirs and ponds[__| Rivers and canals|illl Rural settlements

[ Forest land

[ High-coverage grassland | Low-coverage grassland__ | Moderate-coverage grassland|Jllll Other forest land
[ Shrub forest [ Sparse woodland B Other construction land

Figure 4. Land use change (a) is a Sankey diagram showing changes in land use types for 2000, 2005,
2010, 2015, and 2020; (b) is a chord diagram showing the transfer quantities between 2000 and 2020.
In the Sankey diagram, transition flows smaller than 10 km? are omitted for visual clarity.

From 2000 to 2010, there was a significant conversion of drylands to reservoirs and
ponds, covering an area of 17.48 km?. Other forestland and high-coverage grassland also
revealed substantial changes, with forest conversion areas of 18.43 km? and 21.73 km?,
respectively. From 2010 to 2020, land use changes remained relatively stable. The primary
land use change involved the conversion of high-coverage grassland to forestland, covering
an area of 8.27 km?; the second most common change involved the conversion of forestland
to high-coverage grassland, covering an area of 8.55 km?. Changes in the areas of other
land use categories remained relatively stable.

3.2. Landscape Pattern Analysis
3.2.1. Changes in Landscape Patterns at the Typological Level

The composite landscape fragmentation index reflects fragmentation characteristics
from various perspectives (Figure 5). The AFI reflects the degree of fragmentation in terms
of clustering; a higher value indicates a more clustered spatial distribution of patches and
lower fragmentation. Between 2000 and 2020, the AFI for the other types of developed
land significantly increased, with the fastest increase occurring between 2010 and 2015,
after which it slowed. This finding indicates that other developed land areas continued to
expand during this period, with increasing spatial concentration, and the patches gradually
merged into contiguous areas. The AFI for rivers and canals fluctuated significantly during
the study period, following a pattern of ‘rapid decline (2000-2005), sharp rise (2005-2010),
stability (2010-2015), and another decline (2015-2020).” This indicates that its spatial
concentration is highly unstable, but overall, it is on a downward trend, with its spatial
distribution becoming increasingly dispersed.
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Figure 5. Changes in landscape pattern indices at the landscape pattern type level in Hainan Tropical
Rainforest National Park. (A) Structure-based fragmentation index (SFI); (B) Aggregation-based
fragmentation index (AFI); (C) Connectivity-based fragmentation index (CFI) for land use types
excluding forest land and other construction land; (D) CFI specifically for forest land (left axis) and
other construction land (right axis).

The CFI focuses on characterizing landscape fragmentation from the perspective of
connectivity; a higher value indicates stronger ecological connectivity and less disruption
from fragmentation. Throughout the study period, the CFI for forested land remained at
the highest level (0.66-0.67) and remained dynamically stable. These findings confirm that
forestland, as the landscape matrix of national parks, plays an irreplaceable and leading
role in maintaining regional ecological connectivity and the functions of core habitats.
The CFI of the other forestland types initially decreased but then stabilized, indicating
that its connectivity underwent an initial period of degradation followed by a period of
remaining at a low level. The CFI of paddy fields, on the other hand, exhibited a “rise-then-
fall” pattern, which reflects the dynamic evolution of paddy fields, from initial expansion
into contiguous areas (with increased connectivity) to later fragmentation (with reduced
connectivity). CFI fluctuations were smaller for other land use types, and connectivity
remained relatively stable overall.

The SFI focuses on characterizing the degree of fragmentation from a structural per-
spective. Forestland consistently maintained the highest values (0.69-0.71) throughout
the study period and remained generally stable, indicating that forestland patches have
complex edge shapes and a high degree of fragmentation. During the study period, the SFI
of forestland decreased slightly from 2000 to 2005, increased slightly from 2005 to 2010, and
subsequently stabilized, reflecting a fluctuating trend in its fragmentation characterized by
a “brief easing—slight increase-stabilization” pattern. The SFI of high-coverage grassland
followed an “increase—decrease—stabilization” trend, indicating that its structural fragmen-
tation first intensified but then eased, ultimately reaching a new dynamic equilibrium. The
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SFI values for the remaining land use types were relatively low and remained relatively
stable throughout the study period.

3.2.2. Changes in Landscape Patterns at the Landscape Level

From 2000 to 2020, landscape fragmentation in HNTRNP exhibited significant mul-
tidimensional variations and dynamic evolution (Figure 6). The SFI indicates that after
significant easing between 2000 and 2005, structural fragmentation in the study area
fluctuated upward. The AFI exhibited repeated fluctuations characterized by “increased ag-
gregation followed by a decrease”. Moreover, the CFI fluctuated downward after peaking
in 2005, reflecting an overall decline in landscape connectivity. The evolutionary charac-
teristics of these three factors indicate that fragmentation in the study area is not a single
trend but rather exhibits differentiated dynamics across multiple dimensions, including
structural morphology, spatial concentration, and functional connectivity. The year 2005
marked a critical turning point in the process of fragmentation, and the continued decline
in landscape connectivity since then is the most significant ecological indicator to consider.

—&— AFI
—e—CFI
0.70 SFl
0.60
0.50
0.40
0.30
020 T T T T T
2000 2005 2010 2015 2020
Year

Figure 6. Changes in the landscape pattern index at the landscape level in Hainan Tropical Rainforest
National Park.

3.2.3. Spatial Variation Characteristics of Landscape Indices

Using the moving window method, we created a raster map to illustrate spatial
fragmentation and landscape heterogeneity and compared landscape pattern characteristics
across different regions (Figure 7). During the study period, the areas where the AFI, SFI,
and CFI changed were relatively similar and were primarily concentrated around roads
and waterways. This finding indicates that infrastructure development—such as reservoir
inundation and road construction—is a major driver of reduced landscape connectivity
and spatial concentration, which in turn exacerbates landscape fragmentation in the region.

Specifically, areas where the AFI rose significantly (i.e., regions characterized by
increased spatial clustering of patches and reduced fragmentation) were primarily concen-
trated in the southern part of Bawangling, along the Daguangba Reservoir, and near the
(G9811 Haishan Expressway (Shiyun section). In contrast, areas with a significant decrease
in the AFI (i.e., regions characterized by reduced spatial clustering of plaques and increased
fragmentation) were primarily distributed around Maodao township and Nanmei village.
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Figure 7. Spatiotemporal distribution patterns of the AFI, CFI, and SFL

The spatial variation in the CFI further corroborates the aforementioned trend. The
CFI of the Daguangba Reservoir has declined significantly, indicating that the construction
of the reservoir has severely impaired landscape connectivity in the area and exacerbated
fragmentation. In contrast, the CFI significantly increased in the Central Fifth Line (Yapai
village-Shuiman township section), S310 (Yuanmen township section), and Maoruishi Yun
village area, indicating enhanced landscape connectivity and reduced fragmentation in
these regions.

Areas with a significant increase in the SFI (i.e., regions where patches were more
complex in shape and fragmentation was more severe) were primarily concentrated in the
Dagangba Reservoir area south of Bawangling, Yapai village in Wuzhishan, and the Liban
River watershed in Limu Mountain. In contrast, areas where the SFI decreased significantly
(i.e., regions where the shape of the patches became more regular and the overall degree of
fragmentation decreased) were primarily concentrated in Maona village of Wuzhishan and
the Shuiman township area.

3.3. Drivers of Landscape Fragmentation in the National Park

To unravel the phase-dependent dynamics dictating landscape fragmentation in HN-
TRNP, we utilized the XGBoost-SHAP framework to quantify the feature contributions
and relative importance of diverse drivers from 2000 to 2020 (Figure 8). SHAP dependency
analysis revealed a clear dichotomy among the drivers: exacerbating factors (e.g., GDP,
precipitation, human footprint) and mitigating factors (e.g., NDVI). Broadly, the paramount
explanatory variables of fragmentation underwent a pronounced stage-wise trajectory,
transitioning fundamentally from a regime governed by natural ecological mitigation’
to one driven by ‘socio-economic exacerbation.” Between 2000 and 2005, NDVI exerted
a profound mitigating influence on fragmentation. High fragmentation hotspots were
largely confined to low-to-medium NDVI zones, whereas dense vegetation cover spatially
coincided with intact landscapes, underscoring the core buffering capacity of vegetation in
preserving landscape integrity during this initial phase. Concurrently, precipitation acted as
a secondary, positive contributor to fragmentation. From 2005 to 2010, while NDVI retained
its primacy, the relative importance of its negative contribution began to wane. Conversely,
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the impact of GDP surged, ascending to the second most critical driver, with high GDP
exerting an increasingly potent positive effect on fragmentation. The compounding effects
of precipitation and the human footprint also amplified, signaling the escalating threat of
socio-economic expansion and anthropogenic disturbances to landscape contiguity. The
2010-2015 interval marked a pivotal regime shift: GDP usurped NDVI as the dominant
explanatory variable for fragmentation, exerting a robust positive effect. This indicates
a profound positive association between accelerating economic growth and the severe
subdivision of large habitat patches. Furthermore, the exacerbating impact of precipitation
intensified, and the influence of population density climbed steadily. In stark contrast, the
importance of NDVI plummeted, severely decoupling its protective linkage with landscape
connectivity. By 2015-2020, GDP solidified its position as the preeminent driver. The
relative contributions of precipitation and the human footprint escalated further, while
the mitigating capacity of NDVI continued to erode, demonstrating only marginal statis-
tical relevance at local scales. Ultimately, socio-economic indicators and climatic factors
emerged as the definitive predictors dictating the spatial configuration of the regional
landscape during this terminal phase. In synthesis, the two decades from 2000 to 2020
witnessed a radical turnover in the driving mechanisms of fragmentation, shifting from an
‘NDVI-suppressed’ baseline to a ‘GDP-exacerbated’ reality. This trajectory not only spatially
mirrors the encroaching overlap of anthropogenic disturbances onto intact habitats but also
highlights the complex, non-linear trade-offs between mounting socio-economic pressures
and the deteriorating ecological buffering capacity of natural vegetation—underscoring the
severe threats to landscape integrity prior to the park’s formal establishment.

A 2000-2005 B 2005-2010
XGBoost Feature Importance XGBoost Feature Importance
0.000 0.002 0.004 0.006 0.008 0010 0012 0.000 0.002 0.004 0.006 0.008 0010 0012
High High
e T GDP B it i f e
ece oo A¥e s Pyl Precipitation - 3 .&—‘ s emtumy
comimimmme o cmee o w e K o Human Footprint s e mseecme s L m— °
2 p =2
i ..‘;’ s Aspect oum .l ‘:’ ]
g 2
- g - - 2 Population density - cme 4 §
-3 oal
S - [P ¢ N— o DEM e =
-"I': 0‘_ . Temperature o — 0‘«-—: o emome
o — Slope -—w\ —
o srememme T Aboveground Biomass . - -;\»
Low Low
-0.04 -0.02 0.00 0.02 -004 =003 -002 -0.01 0.00 0.01 0.02
SHAP Value (impact on model output) SHAP Value (impact on model output)
C 2010-2015 D 2015-2020
XGBoost Feature Importance XGBoost Feature Importance
0.000 0.001 0.002 0.003 0.004 0,005 0.006 0.000 0.001 0.002 0,003 0.004 0.005 0.006 0.007
High High
—,EZ-_ GoP _”sl—
3 '1". e e—— o Precipitation o eeem -|:{:g'- “\ | r———— ¢ o
ererenn -«sa.a’.- Human Footprint . CERTE --T“-{‘ér-—
. o ....-q$. 'ﬂ,.- ° Aspect .o '—"l;*;u"%' 22 g
3
. e misswenm o v ] Temperature ', T
i : p Faves :
- <@g H NDVI v = o S :
cee me sese  emce o cmmufigham oo “ Aboveground Biomass T i ¢
. PO . -q:}u- Population density .. - . —l'* .
.ot ”’..-.-...-. - Slope I
com A DEM .y(:-:‘)‘_..
Low Low
-004 -003 -002 -001  0.00 0.01 0.02 0.03 -004 -003 -002 -001 000 001 002 003 004

SHAP Value (impact on model output)

SHAP Value (impact on model output)

Figure 8. Relative feature importance and local SHAP effects of driving factors on landscape frag-
mentation: (A) 2000-2005; (B) 2005-2010; (C) 2010-2015; (D) 2015-2020.
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4. Discussion
4.1. Spatiotemporal Dynamics of Landscape Fragmentation in the National Park

By employing a suite of complementary composite landscape fragmentation indices—
namely, the Connectivity-based Fragmentation Index (CFI), Aggregation-based Fragmenta-
tion Index (AFI), and Structure-based Fragmentation Index (SFI)—this study systematically
elucidated the spatiotemporal dynamics of landscape fragmentation in HNTRNP from 2000
to 2020. Compared with traditional single indices, composite indices can comprehensively
characterize the process of fragmentation across three dimensions—ecological functional
connectivity, spatial aggregation, and patch structure—thereby effectively avoiding the eco-
logical misinterpretation that results from relying solely on traditional structural indicators.

From the perspective of overall trends, national parks exhibited significant phased
changes during the study period. From 2000 to 2005, the SFI decreased significantly,
whereas the AFI and CFI increased simultaneously. This finding indicates that at this stage,
the structure, aggregation, and connectivity of the study area synergistically improved: as
the patch shape became more regular, spatial aggregation increased, ecological connectivity
improved, and fragmentation was comprehensively alleviated, which is consistent with the
conclusions of Liu et al. [46]. This change resulted from policies implemented in Hainan
since 2000, including the Natural Forest Conservation Project [46], the development of
an “ecological province,” the planning of national-level ecological conservation areas in
the central mountainous regions, and the “converting farmland to forests” initiative. The
area of natural forests has increased, human disturbance has decreased, and ecological
connectivity within national parks has improved, while fragmentation has decreased.

Between 2005 and 2010, a synchronized divergence occurred among the three metrics—
SFl increased alongside declines in both AFI and CFl—signaling the study area’s transition
into a phase of rapid landscape fragmentation. Notably, driven by the afforestation targets
mandated in the 2005 Hainan Ecological Province Construction Plan, approximately 13.05%
of natural forests in the central mountainous region were converted into pulpwood plan-
tations [47]. Concurrently, subsidy policies for superior natural rubber cultivars heavily
incentivized rubber planting. This policy-driven expansion caused rubber plantations
to aggressively encroach upon and bisect tropical natural forests [48]. Ultimately, these
anthropogenic disturbances led to a drastic surge in fragmentation, most acutely observed
along the vulnerable edges of natural forests.

Since 2010, the fragmentation of national park landscapes has somewhat eased, which
is consistent with the findings of Hou [48], Zhou [49], and others. Since 2010, Hainan
Province has established ecological red lines in its central mountainous regions, has im-
proved the relevant laws and regulations, and has implemented ongoing ecological con-
servation and restoration projects. Construction of the national park began in 2019, with
efforts focused on directly restoring fragmented areas and enhancing ecological connectivity
within the park.

Furthermore, the findings of this study are consistent with the conclusions of global
forest fragmentation studies conducted by Zou and De Montis [36,50] and others. These
findings further confirm that using structured indicators alone tends to underestimate
the risk of ecological fragmentation; by combining composite indicators of aggregation
and connectivity, trends in landscape fragmentation can be revealed more accurately.
Connectivity and aggregation indices are crucial for assessing ecological functions; these
indices are highly sensitive to human disturbances and habitat isolation, making them
suitable as key indicators for evaluating habitat fragmentation.
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4.2. Explanatory Power of Landscape Fragmentation Drivers

Employing the XGBoost-SHAP framework, this study systematically evaluated the
primary explanatory variables dictating landscape fragmentation in HNTRNP from 2000 to
2020 (across four distinct phases). Over the study period, the dominant explanatory power
underwent a fundamental shift from NDVI to GDP. Meanwhile, the influence of anthro-
pogenic disturbances and climatic factors progressively intensified, whereas the negative
mitigating capacity of natural vegetation against fragmentation markedly diminished.

Between 2000 and 2010, NDVI exhibited a significant negative correlation with land-
scape fragmentation. This aligns closely with the implementation of the first phase of
the Natural Forest Protection Program (NFPP) and the Eco-province construction policy
during the same period. The NFPP effectively halted forest logging activities, reinforced
the conservation of natural forests [26], significantly reduced the intensity of human inter-
ference, and promoted rapid vegetation recovery. The pronounced negative contribution of
NDVI during this period is a direct manifestation of the effectiveness of these ecological
protection policies. As vegetation recovery mitigated landscape fragmentation, the impact
of socio-economic factors remained relatively weak during this time.

The year 2010 served as a pivotal turning point. The regime shift in the dominant
explanatory drivers governing the Hainan Tropical Rainforest National Park was intricately
coupled with the concurrent development of the Hainan International Tourism Island
initiative and the enforcement of natural forest conservation policies across the central
mountainous region. This is closely linked to the development of Hainan International
Tourism Island during the same period and the implementation of policies to protect
natural forests in the central mountainous regions. The 2010 policy for the protection of
mountainous areas in central China effectively curbed direct development in core protected
areas and alleviated habitat fragmentation in some regions. However, rapid economic de-
velopment, urban expansion, economic infrastructure construction, and increased tourism
development activities [5] persistently exerted pressure on the rainforest periphery. These
anthropogenic forces incessantly dissected peripheral habitats, ultimately culminating in
a robust positive association between landscape fragmentation and GDP. Following the
establishment of HNTRNP, China approved a series of policies designating the national
park as a nondevelopment zone. These policies focus on the holistic conservation, system-
atic restoration, and comprehensive management of tropical rainforest resources, further
promoting scientific conservation and sustainable use [26].

4.3. Recommendations for the Management of Hainan Tropical Rainforest National Park

Our findings highlight that since 2010, GDP has served as the paramount positive
driver of landscape fragmentation in Hainan Tropical Rainforest National Park. To ef-
fectively alleviate sluggish forest recovery and the progressive exacerbation of habitat
fragmentation, we strongly recommend the systematic implementation of vital interven-
tions, particularly the development of ecological corridors and the promotion of green
livelihood transitions. With regard to the construction of ecological corridors, the initial
focus should be on areas within national parks where flagship species, including Nomascus
hainanus and Cervus eldii hainanus, are primarily distributed. Enhance habitat connectivity
by improving forest quality, scientifically planning ecological corridors, and strengthening
the conservation and optimization of surrounding forests [51]. Second, to address the
impact of transportation infrastructure, low-priority roads located within the corridor and
near areas frequented by rare and endangered species should be closed and subject to strict
control measures [51]. For provincial-level or higher roads that cross ecological corridors,
eco-friendly corridors, such as those involving wildlife crossings, should be constructed. All
corridor construction should adhere to the principle of prioritizing ecological conservation.
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Give preference to green building materials that are low in toxicity and emit few chemicals.
Simultaneously, monoculture plantations (e.g., rubber and areca nut) situated along the
park’s periphery should be incentivized to transition into mixed agroforestry systems. This
strategy will facilitate the establishment of transitional ecological buffer zones, thereby
effectively buffering the severe edge effects precipitated by anthropogenic activities. Most
crucially, it is imperative to deepen ecological compensation mechanisms [52], to steer local
communities toward green livelihood transitions, particularly through the development
of under-canopy economies and ecotourism. Ultimately, these integrated approaches will
reconcile regional economic expansion with biodiversity conservation, forging a resilient
socio-ecological foundation for the long-term sustainable management of the national park.

Second, the areas with the most significant changes in the AFI, CFI, and SFI are
distributed around waterways and roads. This is due to changes in land use in the area
of HNTRNP, which currently has one large reservoir and 20 small and medium-sized
reservoirs [49] and plays a crucial role in water conservation.

Therefore, scientifically coordinating the planning of reservoir locations, strictly limit-
ing development and construction activities in reservoir areas, and reasonably planning
ecological protection zones are necessary. Finally, the planting and harvesting of com-
mercial forests are major contributors to land use change. HNTRNP currently contains
823 km? of commercial forestland, accounting for approximately 20% of the park’s total
area. Human activities, including repeated planting, management, and logging, have exac-
erbated the fragmentation of forest landscapes and increased ecological vulnerability [49].
It is recommended that economic forests in Shuiman township, Shiyun village, and the
Daguangba area be phased out gradually and that ecological restoration and management
of postharvest sites be strengthened.

4.4. Limitations and Future Perspectives

While the XGBoost-SHAP framework employed in this study successfully pinpointed
the paramount drivers of landscape fragmentation, several limitations warrant acknowl-
edgment. First, although the 1 km X 1 km grid resolution adequately captures macroscopic
fragmentation patterns within the national park, it falls short in resolving micro-habitat
fragmentation induced by human settlements. This is particularly relevant for small-scale
villages pending ecological relocation (e.g., Laocun and Hongshui). Future research should
integrate multi-source, high-resolution remote sensing data (e.g., sub-meter imagery) to
elucidate the fine-scale impacts of anthropogenic activities on forest structure. Second,
despite its efficacy in deciphering the non-linear contributions of diverse drivers, XGBoost-
SHAP is inherently a statistical correlation approach that lacks mechanistic elucidations
of underlying ecological processes. Subsequent studies should incorporate process-based
ecological models to validate the mechanistic pathways through which socio-economic
factors precipitate forest fragmentation. Lastly, our temporal analysis across five nodes
between 2000 and 2020, while proficient at capturing long-term trajectories, may inadver-
tently mask abrupt, pulse-like disturbances. Furthermore, owing to data latency following
the park’s official designation, our current scope precludes post-2020 developments. Future
investigations will capitalize on updated datasets to facilitate near-real-time monitoring of
fragmentation dynamics following the park’s establishment.

5. Conclusions

By coupling composite landscape fragmentation indices (CFI/AFI/SFI) with the
XGBoost-SHAP framework, this study systematically elucidated the spatiotemporal dy-
namics and driving mechanisms of landscape fragmentation in Hainan Tropical Rainforest
National Park. Our findings revealed pronounced phase-dependent characteristics in
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fragmentation, with 2005 acting as a pivotal turning point. Between 2000 and 2005, frag-
mentation was significantly mitigated, primarily driven by vegetation recovery under the
Natural Forest Protection Program. However, from 2005 onwards, the positive feature im-
portance of GDP surged due to accelerating urbanization and infrastructure development.
By 2010, GDP had emerged as the dominant explanatory variable, driving a resurgence
in landscape fragmentation. Furthermore, the 823 km? of commercial forest plantations
currently residing within the park exacerbate fragmentation; therefore, future policies
should orchestrate their orderly phase-out and near-natural restoration. Ultimately, this
study offers a robust scientific basis and empirical evidence for the sustainable management
and targeted ecological restoration of the national park.

Supplementary Materials: The following supporting information can be downloaded at https://
www.mdpi.com/article/10.3390/su18147486/s1, Table S1: Semi-variogram fitting parameters
(Co/(Co+C) and R?) for landscape fragmentation indices across varying moving window radii.
References [53,54] are cited in the Supplementary Materials.

Author Contributions: Validation, investigation, resources, data curation, writing—review and
editing, funding acquisition, Y.L.; conceptualization, methodology, visualization, formal analysis,
investigation, writing—original draft preparation, Y.J.; validation, formal analysis, writing—review
and editing, X.C.; investigation, resources, data curation, T.W.; formal analysis, investigation, data
curation, X.P; investigation, software, visualization, G.L.; methodology, investigation, resources,
writing—review and editing, supervision, project administration, Z.C. All authors have read and
agreed to the published version of the manuscript.

Funding: This research was funded by the Department of Science and Technology of Hainan Province
under the project “A Study on the Correlation Between the Spatial Patterns and Characteristics of
Forest Canopy Gaps in Hainan’s Tropical Rainforests and Their Relationship with Plant Diversity
and Soil Microbial Biomass”, grant number KYYSLK2023-016.

Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.

Data Availability Statement: The land use data used in this study were obtained from the China Land
Use Remote Sensing Monitoring Dataset (CNLUCC), provided by the Resource and Environment
Science and Data Registration and Publishing System (http://www.resdc.cn/DOI, accessed on
3 June 2026), 2018 (https://doi.org/10.12078 /2018070201, accessed on 3 June 2026). These data were
acquired through purchase and, under the terms of the data provider’s license, cannot be redistributed
or deposited in public repositories. The vector boundary data of the study area are internal industry
data and, due to institutional and industry policies, cannot be made publicly available. All other
relevant data supporting the findings of this study are available from the corresponding author upon
reasonable request.

Conflicts of Interest: The authors declare no conflicts of interest.

1.  Haddad, N.M.; Brudvig, L.A.; Clobert, J.; Davies, K.F.; Gonzalez, A.; Holt, R.D.; Lovejoy, T.E.; Sexton, J.O.; Austin, M.P.; Collins,
C.D.; et al. Habitat Fragmentation and Its Lasting Impact on Earth’s Ecosystems. Sci. Adv. 2015, 1, e1500052. [CrossRef] [PubMed]

2. Fahrig, L. Effects of Habitat Fragmentation on Biodiversity. Annu. Rev. Ecol. Evol. Syst. 2003, 34, 487-515. [CrossRef]

3. Davis, R. Habitat Fragmentation and Landscape Change: An Ecological and Conservation Synthesis. Austral Ecol. 2007, 32,

477-478. [CrossRef]

4. Feleha, D.D.; Tymiriska-Czabariska, L.; Netzel, P. Forest Fragmentation and Forest Mortality—An In-Depth Systematic Review.
Forests 2025, 16, 565. [CrossRef]
5. Yao, X.; Zhou, L.; Wu, T.; Yang, X.; Ren, M. Ecosystem Services in National Park of Hainan Tropical Rainforest of China:

Spatiotemporal Dynamics and Conservation Implications. J. Nat. Conserv. 2024, 80, 126649. [CrossRef]

https://doi.org/10.3390/su18147486


https://www.mdpi.com/article/10.3390/su18147486/s1
https://www.mdpi.com/article/10.3390/su18147486/s1
http://www.resdc.cn/DOI
https://doi.org/10.12078/2018070201
https://doi.org/10.1126/sciadv.1500052
https://www.ncbi.nlm.nih.gov/pubmed/26601154
https://doi.org/10.1146/annurev.ecolsys.34.011802.132419
https://doi.org/10.1111/j.1442-9993.2007.01774.x
https://doi.org/10.3390/f16040565
https://doi.org/10.1016/j.jnc.2024.126649
https://doi.org/10.3390/su18147486

Sustainability 2026, 18, 7486 19 of 21

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

DeFries, R.; Hansen, A.; Turner, B.L.; Reid, R.; Liu, J. Land Use Change around Protected Areas: Management to Balance Human
Needs and Ecological Function. Ecol. Appl. 2007, 17, 1031-1038. [CrossRef] [PubMed]

Zhao, H.; Li, Z.; Ota, T.; Mizoue, N. Large-Scale Land Acquisitions Significantly Affect the Spatiotemporal Dynamics of Forest
Fragmentation in Cambodia. Smart For. 2026, 1, e006. [CrossRef]

Rison, K.; Fuangarworn, M.; Chaisuekul, C. Assessing Forest Fragmentation and its Impact on Ecosystem Service Value in
Relation to Land Cover Change, Nan Province, Thailand. Appl. Environ. Res. 2026, 48, 022. [CrossRef]

Yan, M.; Xie, J.; Wang, C.; Chen, R;; Yin, G. Enhanced Carbon Storage in the Sichuan-Yunnan Ecological Barrier Zone: The Impact
of Land Use Changes Driven by Ecological Engineering. Ecol. Eng. 2025, 215, 107588. [CrossRef]

Zhou, Z,; Li, H,; Li,J,; Lu, Y.; Gao, C.; Yang, D. Human-Land Coupling Relationship in Lushan National Park and Its Surrounding
Areas: From an Integrated Ecological and Social Perspective. Land 2024, 13, 1240. [CrossRef]

Ma, L.; Zhu, Z.; Li, S.; Li, ]. Analysis of Spatial and Temporal Changes in Human Interference in Important Ecological Function
Areas in China: The Gansu Section of Qilian Mountain National Park as an Example. Environ. Monit. Assess. 2023, 195, 1029.
[CrossRef] [PubMed]

Liu, C; Jiang, E.; Qu, B,; Li, L.; Zhang, W. Spatial-temporal evolution of economic-ecological benefits and their driving factors in
Yellow River irrigation areas. Ecol. Indic. 2025, 173, 113419. [CrossRef]

Lu, J,; Liu, X;; Zhu, D.; Zhang, S. Unveiling Multiscale and Nonlinear Effects of Land Use Change Drivers through Interpretable
Machine Learning Model: Insights from “Ecological-Cost and Economic-Benefit” Trade-off Perspective. Environ. Impact Assess.
Rev. 2026, 118, 108254. [CrossRef]

Chen, M.; Samat, N.; Maghsoodi Tilaki, M.J.; Duan, L. Land Use/Cover Change Simulation Research: A System Literature Review
Based on Bibliometric Analyses. Ecol. Indic. 2025, 170, 112991. [CrossRef]

Guo, J.; Zhang, K.Q.; Wang, Y.; Vijayaletchumy, K. Research on Carbon Drivers of Agricultural Exports Combined with XGBoost
and SHAP. Front. Environ. Sci. 2026, 14, 1778130. [CrossRef]

Ke, X.; Wang, N.; Li, T,; Liu, Z.; Li, Z.; Zuo, G.; Chen, Y. From Prediction to Regionalization: Enhancing Flash Flood Susceptibility
Mapping Using Machine Learning and GeoDetector. Geosci. Front. 2026, 17, 102213. [CrossRef]

Tian, S.; Wei, L.; Lu, Q.; Wei, Z.; Zhong, Y.; Zhou, Z. Spatiotemporal Dynamics of Soil Organic Carbon at 30 M-Resolution in
Europe: Responses to Land Cover Stability and Conversion. Ecol. Indic. 2026, 182, 114495. [CrossRef]

Razavi-Termeh, S.V.; Sadeghi-Niaraki, A.; Yao, X.A.; Naqvi, R.A.; Choi, S.-M. Assessment of Noise Pollution-Prone Areas Using
an Explainable Geospatial Artificial Intelligence Approach. J. Environ. Manag. 2024, 370, 122361. [CrossRef] [PubMed]

Yin, L;; Ji, J.; Hu, Y.;; Zhu, X,; Chen, H.; Zhang, L.; Zhou, Y. Spatiotemporal Variation in Forest Cover and Its Driving Factors
Revealed by eXtreme Gradient Boosting-SHapley Additive exPlanations Model: A Case Study of a Typical Karst Mountain Area
in China. Forests 2026, 17, 544. [CrossRef]

Alam, S.K; Li, P; Rahman, M.; Fida, M.; Elumalai, V. Key factors affecting groundwater nitrate levels in the Yinchuan Region,
Northwest China: Research using the eXtreme Gradient Boosting (XGBoost) model with the SHapley Additive exPlanations
(SHAP) method. Environ. Pollut. 2025, 364, 125336. [CrossRef] [PubMed]

Lv,J.; Zhang, R.; Shama, A.; Hong, R.; He, X.; Wu, R; Bao, X.; Liu, G. Exploring the spatial patterns of landslide susceptibility
assessment using interpretable Shapley method: Mechanisms of landslide formation in the Sichuan-Tibet region. J. Environ.
Manag. 2024, 366, 121921. [CrossRef] [PubMed]

Tang, X.; Zhang, B.; Wang, X.; Cui, ]. Nonlinear and Threshold Effects of Urban Green Space Landscape Patterns on Carbon
Sequestration Capacity: Evidence from Lanzhou and Baotou. Sustainability 2026, 18, 3019. [CrossRef]

Lin, X.; Fu, H. Optimization of Tropical Rainforest Ecosystem Management: Implications from the Responses of Ecosystem
Service Values to Landscape Pattern Changes in Hainan Tropical Rainforest National Park, China, over the Past 40 Years. Front.
For. Glob. Change 2023, 6, 1242068. [CrossRef]

Li, L.; Tang, H.; Lei, J.; Song, X. Spatial Autocorrelation in Land Use Type and Ecosystem Service Value in Hainan Tropical Rain
Forest National Park. Ecol. Indic. 2022, 137, 108727. [CrossRef]

Wei, L.; Li, M.; Ma, Y;; Wang, Y.; Wu, G,; Liu, T.; Gong, W.; Mao, M.; Zhao, Y.; Wei, Y.; et al. Construction of an Ecological Security
Pattern for the National Park of Hainan Tropical Rainforest on the Basis of the Importance of the Function and Sensitivity of Its
Ecosystem Services. Land 2024, 13, 1618. [CrossRef]

Du, L.; Liu, H.; Liu, H,; Liu, W,; Quan, Z.; Zhang, Y. Value Assessment and Prediction of Regulating Ecosystem Services in Hainan
Tropical Rainforest National Park, China. Sustainability 2024, 16, 9170. [CrossRef]

Xu, X,; Liu, J.; Zhang, S.; Li, R;; Yan, C.; Wu, S. China Land Use and Land Cover Change (CNLUCC); Resource and Environmental
Science Data Center of Chinese Academy of Sciences: Beijing, China, 2018. [CrossRef]

Xu, X. China’s Annual NDVI and EVI 1 KM Data Sets; Resource and Environmental Science Data Center of Chinese Academy of
Sciences: Beijing, China, 2018. [CrossRef]

https://doi.org/10.3390/su18147486


https://doi.org/10.1890/05-1111
https://www.ncbi.nlm.nih.gov/pubmed/17555216
https://doi.org/10.48130/smartfor-0026-0003
https://doi.org/10.35762/AER.2026022
https://doi.org/10.1016/j.ecoleng.2025.107588
https://doi.org/10.3390/land13081240
https://doi.org/10.1007/s10661-023-11633-8
https://www.ncbi.nlm.nih.gov/pubmed/37558900
https://doi.org/10.1016/j.ecolind.2025.113419
https://doi.org/10.1016/j.eiar.2025.108254
https://doi.org/10.1016/j.ecolind.2024.112991
https://doi.org/10.3389/fenvs.2026.1778130
https://doi.org/10.1016/j.gsf.2025.102213
https://doi.org/10.1016/j.ecolind.2025.114495
https://doi.org/10.1016/j.jenvman.2024.122361
https://www.ncbi.nlm.nih.gov/pubmed/39255573
https://doi.org/10.3390/f17050544
https://doi.org/10.1016/j.envpol.2024.125336
https://www.ncbi.nlm.nih.gov/pubmed/39566709
https://doi.org/10.1016/j.jenvman.2024.121921
https://www.ncbi.nlm.nih.gov/pubmed/39053375
https://doi.org/10.3390/su18063019
https://doi.org/10.3389/ffgc.2023.1242068
https://doi.org/10.1016/j.ecolind.2022.108727
https://doi.org/10.3390/land13101618
https://doi.org/10.3390/su16219170
https://doi.org/10.12078/2026071401
https://doi.org/10.12078/2018060601
https://doi.org/10.3390/su18147486

Sustainability 2026, 18, 7486 20 of 21

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

Xu, X. 1 Km Grid Dataset of China’s GDP Spatial Distribution; Resource and Environmental Science Data Center of Chinese Academy
of Sciences: Beijing, China, 2017. [CrossRef]

Fu, ].; Jiang, D.; Huang, Y. 1 Km Grid Population Dataset of China; Resource and Environmental Science Data Center of Chinese
Academy of Sciences: Beijing, China, 2017. [CrossRef]

Xu, X. China Night Lights Annual Dataset; Data Registration and Publishing System of Resources and Environmental Science:
Beijing, China, 2022. [CrossRef]

Luo, M.; Zhao, X.; Hao, D.; Bond-Lamberty, B.; Daigneault, A.; Patel, P.L.; Kou-Giesbrecht, S.; Reyer, C.P.O.; Dashti, H.; Chen,
M. Role of Forest Carbon Change in Shaping Future Land Use and Land Cover Change. Glob. Change Biol. 2025, 31, €70219.
[CrossRef] [PubMed]

Cai, Y,; Xu, X.; Zhu, P; Nie, S.; Wang, C.; Xiong, Y.; Liu, X. Unveiling Spatiotemporal Tree Cover Patterns in China: The First 30 m
Annual Tree Cover Mapping from 1985 to 2023. ISPRS ]. Photogramm. Remote Sens. 2024, 216, 240-258. [CrossRef]

Mu, H,; Li, X,; Wen, Y.; Huang, ].; Du, P; Su, W.; Miao, S.; Geng, M. An Annual Global Terrestrial Human Footprint Dataset from
2000 to 2018. Sci. Data 2021, 9, 176. [CrossRef]

Jian, K.; Wu, X,; Zhang, Q.; Wang, S. Identification of Key Driving Factors for Ecological Environmental Quality in Hainan
Tropical Rainforest National Park Using Causal Inference with Double Machine Learning. Environ. Sustain. Indic. 2025, 28, 101029.
[CrossRef]

Zou, Y.; Crowther, TW.; Smith, G.R.; Ma, H.; Mo, L.; Bialic-Murphy, L.; Potapov, P.; Gawecka, K.A.; Xu, C.; Negret, PJ.; et al.
Fragmentation Increased in over Half of Global Forests from 2000 to 2020. Science 2025, 389, 1151-1156. [CrossRef] [PubMed]
Aslam, RW,; Shu, H.; Tariq, A.; Naz, I.; Ahmad, M.N.; Quddoos, A ; Javid, K.; Mustafa, F.; Aeman, H. Monitoring Landuse
Change in Uchhali and Khabeki Wetland Lakes, Pakistan Using Remote Sensing Data. Gondwana Res. 2024, 129, 252-267.
[CrossRef]

Lyu, W,; Li, X,; Li, X,; Jin, C,; Ren, X; Zhu, B.; Fang, Q.; Liu, W. Characteristics of Land Use Changes in the Kuye River Basin from
1990 to 2020. Soil Water Conserv. China 2025, 46, 68-72. [CrossRef]

Shen, S.; Zhu, L.; Xie, Z.; Fang, T.; Zhao, H.; Fang, Z. Impacts of Land Use Changes on Landscape Patterns and Ecosystem Service
Values in Counties (Villages) in Ethnic Regions of China: A Case Study of Jianghua Yao Autonomous County, Hunan Province.
Sustainability 2024, 16, 8050. [CrossRef]

Zhang, J.; Qu, M.; Wang, C.; Zhao, J.; Cao, Y. Quantifying Landscape Pattern and Ecosystem Service Value Changes: A Case
Study at the County Level in the Chinese Loess Plateau. Glob. Ecol. Conserv. 2020, 23, e01110. [CrossRef]

Garrigues, S.; Allard, D.; Baret, F.; Weiss, M. Quantifying Spatial Heterogeneity at the Landscape Scale Using Variogram Models.
Remote Sens. Environ. 2006, 103, 81-96. [CrossRef]

Soltani, A.; Dehghani, A.; Azizi, P. Volumetric Insights into Urban Growth Analysis: Investigating Vertical and Horizontal
Patterns. Sustain. Cities Soc. 2025, 130, 106589. [CrossRef]

Li, Y,; Hu, Z,; Liu, C.; Yang, X; Zhang, Z.; Sun, W.; Niu, F; Zhang, E.; Yang, Q. Exploring Impacts of Land Use and Cover Changes
on Ecosystem Services on the Qinghai-Xizang Plateau. Remote Sens. 2025, 17, 2840. [CrossRef]

Allan, A.; Soltani, A.; Abdi, M.H.; Zarei, M. Driving Forces behind Land Use and Land Cover Change: A Systematic and
Bibliometric Review. Land 2022, 11, 1222. [CrossRef]

Zhang, W.; Chen, A. Forest Carbon Dynamics as a Constraint on Future Land-Use and Land-Cover Change. Glob. Change Biol.
2025, 31, €70628. [CrossRef] [PubMed]

Liu, X.; Huang, J.; Ju, H. Temporal Dynamics of Landscape Pattern in the Protected Natural Forest Area of Bawangling, Hainan. J.
For. Environ. 2010, 30, 28-33. [CrossRef]

Zhai, D.; Cannon, C.H,; Slik, ] W.E; Zhang, C.; Dai, Z. Rubber and pulp plantations represent a double threat to Hainan’s natural
tropical forests. J. Environ. Manag. 2012, 96, 64-73. [CrossRef] [PubMed]

Hou, P; Zhai, J.; Cao, W.; Yang, M.; Cai, M.; Li, ]. Evaluation on Ecosystem Changes and Protection of the National Key Ecological
Function Zones in Mountainous Areas of Central Hainan Island. Acta Geogr. Sin. 2018, 73, 429-441. [CrossRef]

Zhou, H.; Luo, W,; Xie, G.; Qiu, P. Characteristics of Landscape Ecological Risk in National Park of Hainan Tropical Rainforest
over the Past 40 Years. Acta Ecol. Sin. 2025, 45, 7401-7414. [CrossRef]

De Montis, A.; Serra, V.; Ganciu, A.; Ledda, A. Assessing Landscape Fragmentation: A Composite Indicator. Sustainability 2020,
12,9632. [CrossRef]

Xu, J.; Chao, B.; Peng, L.; Li, Z.; Zhang, B.; Guo, F,; Bian, F; Yu, B.; Zou, Q. Ecological Corridor Construction of Hainan Tropical
Rainforest National Park. J. Southwest For. Univ. 2023, 43, 125-134. [CrossRef]

Tang, Y.; Tang, Y. Exploration of the Hainan Gibbon Conservation Model. Natl. Park 2024, 2, 596-604. [CrossRef]

https://doi.org/10.3390/su18147486


https://doi.org/10.12078/2017121102
https://doi.org/10.3974/geodb.2014.01.06.v1
https://doi.org/10.12078/2022090902
https://doi.org/10.1111/gcb.70219
https://www.ncbi.nlm.nih.gov/pubmed/40329463
https://doi.org/10.1016/j.isprsjprs.2024.08.001
https://doi.org/10.1038/s41597-022-01284-8
https://doi.org/10.1016/j.indic.2025.101029
https://doi.org/10.1126/science.adr6450
https://www.ncbi.nlm.nih.gov/pubmed/40934301
https://doi.org/10.1016/j.gr.2023.12.015
https://doi.org/10.3969/j.issn.1000-0941.2025.09.019
https://doi.org/10.3390/su16188050
https://doi.org/10.1016/j.gecco.2020.e01110
https://doi.org/10.1016/j.rse.2006.03.013
https://doi.org/10.1016/j.scs.2025.106589
https://doi.org/10.3390/rs17162840
https://doi.org/10.3390/land11081222
https://doi.org/10.1111/gcb.70628
https://www.ncbi.nlm.nih.gov/pubmed/41293832
https://doi.org/10.13324/j.cnki.jfcf.2010.01.011
https://doi.org/10.1016/j.jenvman.2011.10.011
https://www.ncbi.nlm.nih.gov/pubmed/22208399
https://doi.org/10.11821/dlxb201803004
https://doi.org/10.20103/j.stxb.202409022095
https://doi.org/10.3390/su12229632
https://doi.org/10.11929/j.swfu.202209004
https://doi.org/10.20152/j.np.202310200016
https://doi.org/10.3390/su18147486

Sustainability 2026, 18, 7486 21 of 21

53. Xue, D.; She, G.; Wen, X.; Sun, H.; Li, Q.; Zhou, Y. Scale Effect of Landscape Pattern of Nanjing Zhongshan Scenic Spot Based on
Statistic Analysis. J. Southwest For. Univ. 2012, 32, 30-35+111. [CrossRef]

54. Zhou, D.; Chen, C.; Wang, M.; Luo, Z,; Kang, L.; Wu, S. Gradient and Directional Differentiation in Landscape Pattern
Characteristics of Urban Ecological Space Based on Optimal Spatial Scale: A Case Study in Changsha City, China. J. Ecol. Rural
Environ. 2022, 38, 566-577. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/su18147486


https://doi.org/10.3969/j.issn.2095-1914.2012.01.007
https://doi.org/10.19741/j.issn.1673-4831.2021.0592
https://doi.org/10.3390/su18147486

	Introduction 
	Materials and Methods 
	Study Area 
	Data Sources and Preprocessing 
	Research Methods 
	Analysis of Land Use Change 
	Landscape Pattern Analysis Method 
	Driving Force Analysis 


	Results 
	Characteristics of Spatial Pattern Dynamics in the Hainan Tropical Rainforest National Park Ecosystem 
	Changes in the Spatial Patterns of Land Use Types 
	Land Use Transition Matrix 

	Landscape Pattern Analysis 
	Changes in Landscape Patterns at the Typological Level 
	Changes in Landscape Patterns at the Landscape Level 
	Spatial Variation Characteristics of Landscape Indices 

	Drivers of Landscape Fragmentation in the National Park 

	Discussion 
	Spatiotemporal Dynamics of Landscape Fragmentation in the National Park 
	Explanatory Power of Landscape Fragmentation Drivers 
	Recommendations for the Management of Hainan Tropical Rainforest National Park 
	Limitations and Future Perspectives 

	Conclusions 
	References

