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Highlights

What are the main findings?
• Desertification underwent expansion, fluctuation, and recovery, with an overall im-

provement trend across northern China and Mongolia from 2000 to 2024.
• The XGBoost–SHAP model revealed nonlinear predictive associations and transition 

points, with interactions among climate, soil, and grazing generally exceeding individ-
ual effects.

What are the implications of the main findings?
• The multidimensional framework enables consistent long-term monitoring of desertifi-

cation across large transboundary dryland regions.
• The identified nonlinear responses and interactions provide a basis for targeted restoration 

and adaptive land management under coupled climatic and anthropogenic pressures.

Abstract

Northern China and Mongolia are among the core regions most significantly affected by de-
sertification globally. Desertification in these areas not only triggers frequent transboundary 
dust storms but also severely threatens the ecological security and sustainable develop-
ment of both countries and the Northeast Asian region. It has become a key bottleneck 
for achieving the regional SDG 15.3 target of land degradation neutrality. However, exist-
ing large-scale desertification monitoring faces limitations, including the lack of unified 
transboundary standards and the inability of single vegetation indices to comprehensively 
characterize the complex surface evolution of arid and semi-arid regions. To bridge this 
gap, a multidimensional desertification assessment framework that integrated machine 
learning methods and six monitoring indicators, including MSAVI, Albedo, TGSI, EVI, WET, 
and BSI, were introduced to analyze the spatiotemporal evolution of desertification across 
northern China and Mongolia from 2000 to 2024, and then the XGBoost–SHAP model was 
used to quantitatively identify the factors associated with desertification patterns. The main 
results are as follows: (1) The random forest method obtained the highest classification 
performance of the degree of desertification compared with the other methods, with an 
overall accuracy of 87.79% and a Kappa coefficient of 0.84. (2) From 2000 to 2024, desertifi-
cation of the study area experienced a process of expansion, fluctuation, and reversal, with 
recovery being the dominant trend overall. Specifically, in northern China, the proportion 
of non-desertification consistently remained above 27%, while Mongolia was dominated 
by moderate and heavy desertification. (3) The area of severe desertification significantly 
decreased, and was largely converted to lighter desertification degrees. (4) Precipitation and 
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livestock density emerged as key predictors of desertification patterns, with their relative 
contributions varying across ecological domains. The XGBoost–SHAP analysis further re-
vealed nonlinear predictive associations and interactions among climatic and socioeconomic 
variables, highlighting the spatial heterogeneity of factors associated with desertification. 
The results provided scientific evidence and methodological support for the construction of 
the China–Mongolia–Russia Economic Corridor and the regional achievement of the land 
degradation neutrality (LDN) goal.

Keywords: desertification; driving factors; machine learning; multidimensional indicators; 
northern China–Mongolia

1. Introduction
Over the past decades, global environmental sustainability has faced serious challenges 

under the combined influence of global climate change and intensive human activities [1,2]. 
Among these challenges, desertification, which is closely associated with dryland degradation, 
has become one of the most prominent environmental issues [3]. It not only reduces land 
productivity and threatens the stability of regional ecosystems and biodiversity, but also 
significantly increases the frequency and scope of extreme disasters such as dust storms. To 
better address this serious challenge, the United Nations Convention to Combat Desertification 
(UNCCD) proposed the concept of land degradation neutrality (LDN) in 2015. Subsequently, 
LDN was incorporated into SDG 15.3 as a specific target for 2030, aiming to establish a world 
with zero net land degradation [4,5]. Northern China and Mongolia are located in the interior 
of the Eurasian continent and contain extensive arid and semi-arid regions. Characterized by 
arid climates, sparse vegetation, and fragile ecosystems, these regions are most severely affected 
by desertification [6]. Meanwhile, differences in socioeconomic development patterns between 
the two regions have also partially shaped their desertification dynamics [7–9]. This extensive 
transboundary ecological degradation has markedly increased the frequency and intensity of 
dust events between China and Mongolia [10]. A representative example is a series of severe 
dust storm events that affected northern China and other parts of East Asia during the springs 
from 2021 to 2025 [11–13]. These events demonstrate the massive impacts of desertification 
and highlight the importance of transboundary monitoring. However, most existing studies 
focus on a single country or specific local regions [14,15]. In contrast, the transboundary 
region between China and Mongolia exhibits strong natural geographical connectivity, while it 
shows significant differences in socioeconomic and ecological policies. Long-term comparative 
studies of desertification dynamics in this region using consistent quantitative criteria remain 
scarce. Meanwhile, as a key component of the China–Mongolia–Russia Economic Corridor, the 
ecological stability and land carrying capacity of this region are critical to the ecological security 
and sustainable development in Northeast Asia. Therefore, scientifically and quantitatively 
assessing desertification and its drivers is essential for achieving the SDG 15.3 goal of land 
degradation neutrality (LDN) in the region.

Traditional desertification monitoring methods mainly use a combination of visual 
interpretation and field surveys to detect the specific manifestations of desertification. 
However, these methods are inefficient for large-scale regional monitoring, and their in-
terpretation accuracy is easily subject to various subjective factors [16]. By enhancing the 
accuracy and robustness of desertification assessment in complex regions, remote sensing 
classification has become a key tool for precise dynamic monitoring [17]. Currently, most 
studies only rely on a single vegetation indicator, such as the Normalized Difference Vegeta-
tion Index (NDVI) or Fractional Vegetation Cover (FVC), for desertification assessment, 
ignoring soil background and comprising overall accuracy [18,19]. Hence, these methods 
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cannot accurately and comprehensively characterize desertification dynamics in the study 
area due to the complexity of desertification [20]. To overcome its limitations, researchers 
have proposed a series of desertification monitoring models that integrate multidimensional 
features. Among them, feature space models, such as the Albedo-NDVI model and the 
point-point model, have been widely used [21,22]. However, relying on only two indicators 
may not adequately capture the complex dynamics of desertification [16]. In recent years, 
the development of machine learning algorithms has provided a new approach for multi-
indicator integrated modeling. By integrating the complementary information provided by 
multiple indicators, these approaches could reduce soil background interference in sparsely 
vegetated arid and semi-arid regions and enhance the identification of complex surface 
types, enabling more accurate and robust assessments of desertification [23,24]. Meanwhile, 
with the emergence of remote sensing cloud computing platforms, such as Google Earth En-
gine (GEE), the availability of massive geospatial datasets and efficient cloud-based parallel 
computing has greatly reduced the computational cost and complexity of long-term and 
large-scale geoscientific analyses [25,26]. It can provide essential computational support 
for this study to analyze the spatiotemporal dynamics of desertification in northern China 
and Mongolia. Therefore, developing a multi-indicator machine learning framework on the 
Google Earth Engine (GEE) platform is essential for accurately characterizing desertification 
dynamics across northern China and Mongolia.

Previous studies on desertification-driving mechanisms have primarily relied on statistical 
methods, such as correlation analysis and the geographical detector model [27]. Although the 
geographical detector has certain advantages in characterizing spatial stratified heterogene-
ity, desertification evolution is not a simple linear process. As a result, it is difficult for this 
method to focus on the driving mechanisms in areas with significant desertification changes. 
Moreover, they also fail to effectively capture the interactive and synergistic effects among 
high-dimensional features, while exhibiting significant limitations in identifying the direction 
of desertification-driving effects. Recently, to address these limitations, many studies have 
adopted the XGBoost–SHAP model for attribution analysis [28]. This approach not only 
captures complex nonlinear interactions among high-dimensional features but also provides 
interpretable insights into predictive contributions, enhancing model transparency and un-
derstanding of desertification dynamics [29]. Additionally, desertification is a gradual and 
continuous process, resulting in transitional features and ambiguous boundaries between adja-
cent desertification classes. Consequently, to overcome the random noise introduced by mixed 
pixels and indistinct class boundaries in large-scale attribution modeling, this study introduced 
an ecological class reduction and reconstruction strategy before conducting XGBoost–SHAP 
analysis, which can not only identify the direction of individual driving factors, but also capture 
their nonlinear response characteristics.

Based on what we discussed above, the specific objectives of this study were: (1) map 
desertification dynamics across northern China and Mongolia using multi-indicator clas-
sification framework based on GEE; (2) characterize the spatiotemporal evolution of de-
sertification across northern China and Mongolia from 2000 to 2024; and (3) reveal the 
multidimensional associations of between desertification degree and natural and anthro-
pogenic factors by quantifying the contributions, effect directions, and nonlinear responses 
of natural and human factors. The results of this study provide a theoretical basis and 
data support for ecological security construction in the China–Mongolia–Russia Economic 
Corridor. In addition, it also offers valuable insights into ecological security management 
along the Belt and Road Initiative and the realization of the land degradation neutrality 
(LDN) target.
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2. Materials and Methods
2.1. Study Area

The study region is located in the interior of the Eurasian continent (73°46′-135°05′ E, 
31°42′-53°33′ N), and plays a vital role in maintaining ecological security in Northeast 
Asia [30]. The region is characterized by a geomorphological framework dominated by 
plateaus, basins, and mountain ranges, with elevation generally decreasing from west to east. 
Most of the area features a typical temperate continental climate, with long and cold winters 
and short and hot summers. Precipitation is limited and unevenly distributed, generally 
decreasing from southeast to northwest, with annual totals ranging from 50 to 450 mm 
across most areas [31]. Mean annual temperature generally ranges from approximately 
−2 to 15 °C across this region, while annual mean wind speed typically varies between 
2 and 5 m s−1 , with higher values occurring in the Gobi Desert and the China–Mongolia 
border region [32,33]. Vegetation types exhibit clear zonal differentiation across the region, 
transitioning from forests in the southeast to typical steppes, desert steppes, and deserts in 
the northwest. The dominant soil types include aeolian sandy soils, chestnut soils, and calcic 
brown soils. Notable differences in ecological governance have emerged across the national 
border. Since the late twentieth century, in northern China, ecological restoration programs, 
including grazing exclusion and the conversion of cropland to forests and grasslands, have 
played an important role in curbing desertification. By contrast, rising market demand 
for livestock products resulted in the continuous increase in livestock in Mongolia, which 
increased the risk of grassland degradation in Mongolia [34]. These differences in policy 
orientation and livelihood strategies have constituted the key social driving factors for 
desertification dynamics across China and Mongolia.

2.2. Data Source
To accurately monitor desertification dynamics across northern China and Mongolia 

from 2000 to 2024, the MOD09A1 surface reflectance product (MODIS/061/MOD09A1) 
with a 500 m resolution was used as the primary remote sensing data source. This dataset 
was used to extract the spatial distribution of desertification for six periods, including 
2000, 2005, 2010, 2015, 2020, and 2024. An approximately five-year interval was adopted to 
capture long-term regional changes while balancing temporal resolution and computational 
efficiency. All MODIS images of the growing season (June to September) were filtered on 
GEE with cloud masking, quality screening and snow cover removing. Subsequently, a 
median compositing method was applied to reduce the influence of extreme reflectance 
values and obtain representative growing season surface reflectance for each observation 
year covering the entire study area. Additionally, the global surface water dataset released 
by the Joint Research Centre [35] was used to mask and remove water bodies, enhancing 
the accuracy of desertification mapping. To further analyze the associations of between 
desertification degree and natural and anthropogenic factors in northern China and Mon-
golia, a comprehensive driving indicator system was established from three dimensions, 
including climate, vegetation, and human activities (Table 1). With the exception of static 
factors including soil properties, the remaining factors were temporally matched to the 
desertification datasets across the six observation years. When data for a target year were 
unavailable, data from the nearest available year were used to ensure data completeness. 
All driving factors were uniformly resampled to a spatial resolution of 500 m and projected 
into the same coordinate reference system.
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Table 1. Data types and sources of driving factors.

Factor Abbreviation Data Source Resolution Unit Time Reference

Land Use Type Land MODIS MCD12Q1 500 m - 2000–2024 GEE
(MODIS/061/MCD12Q1)

Precipitation Preci
ERA5-Land Monthly

Averaged 0.1°

mm

2000–2024

Terra Climate, GEE
(ECMWF/ERA5_LAND/

MONTHLY_AGGR)
Average 

Temperature Temp °C

Wind Speed Speed m s−1 

Potential
Evapotranspiration PET TerraClimate ~4 km mm 2000–2024

Terra Climate, GEE
(IDAHO_EPSCOR/
TERRACLIMATE)

Sand Content Sand
Soil Grids 250 m v2.0 250 m

cg kg−1 - GEE (projects/soil 
grids-isric/sand_mean)

Clay Content Clay g kg−1 - GEE (projects/soil 
grids-isric/clay_mean)

Population 
Density Pop

World Pop 
high-resolution

population dataset
100 m persons km−2 2000–2021

GEE (World Pop/GP/100 
m/pop_)

National Bureau of Statistics 
of China, National Statistical 

Office of Mongolia

GDP Density GDP Density Downscaled global 
GDP dataset [36] ~1 km PPPUSD km−2 2000–2022

National Bureau of Statistics 
of China, National Statistical 

Office of Mongolia

Livestock 
Density Livestock

Global Pasture 
Watch—Annual 

livestock headcount 
maps

~1 km head per grid 
cell 2000–2022

FAO, National Bureau of 
Statistics of China

National Statistical Office of 
Mongolia

Nighttime 
Light NTL

Global 
NPP-VIIRS-like 
Nighttime Light 

Dataset [37]

500 m nW cm−2  sr−1 2000–2024 Global NPP-VIIRS-like 
Nighttime Light Dataset

2.3. Methods
2.3.1. Desertification Characterization Indicators

A multidimensional remote sensing indicators system was constructed in this study. 
The primary indicators included the Modified Soil-Adjusted Vegetation Index (MSAVI), 
surface albedo (Albedo), the Topsoil Grain Size Index (TGSI), the Enhanced Vegetation 
Index (EVI), the Tasseled Cap Wetness (WET), and the Bare Soil Index (BSI). These in-
dicators cover information on vegetation, soil, and hydrology, comprehensively reflecting 
desertification dynamics. The main calculation formulas are as follows:

MSAVI = (2 × NIR + 1 − √((2 × NIR + 1)2 − 8 × (NIR − Red))) / 2 (1)

Albedo = 0.160Red + 0.291Nir + 0.243Blue + 0.116Green
+ 0.112Swir1 + 0.081Swir2 − 0.0015

(2)

TGSI = (Red − Blue)/(Red + Blue + Green) (3)

WET = 0.1147Red + 0.2489NIR1 + 0.2408Blue + 0.3132Green
− 0.3122NIR2 − 0.6416SWIR1 − 0.5087SWIR2

(4)

EVI = 2.5 × (NIR − Red)/(NIR + 6Red − 7.5Blue + 1) (5)

BSI = (Red + SWIR2 − NIR − Blue)/(Red + SWIR2 + NIR + Blue) (6)

where Blue, Green, Red, NIR, NIR2, SWIR1, and SWIR2 represent the reflectance of the 
blue, green, red, near-infrared, second near-infrared first shortwave infrared, and second 
shortwave infrared bands in the MODIS imagery, respectively.
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In addition to vegetation and soil indicators, elevation and slope were introduced as 
topographic constraints in machine learning models to reduce false desertification classifi-
cations caused by mountain shadows or cold alpine climatic conditions.

2.3.2. Desertification Classification Methods
Four machine learning algorithms, including Classification and Regression Tree 

(CART), Support Vector Machine (SVM), Random Forest (RF), and Minimum Distance 
(MD), together with the Albedo–MSAVI feature space model, were compared. Then, we 
evaluated the performance of these five models under complex arid surface conditions 
to select the optimal approach for extracting high-accuracy desertification information. 
The Albedo–MSAVI feature space model was built on the physical coupling relationship 
between decreasing vegetation cover and increasing surface albedo during desertification 
processes [38]. The evaluated models represent different classification strategies with dis-
tinct advantages for desertification mapping. The key parameter settings and preprocessing 
procedures for each method are summarized in Table 2. Following the comparison of 
the five classification methods, the best performing classifier was selected for historical 
desertification mapping. Given the limited availability of historical reference samples, a 
model-based temporal sample-transfer approach was employed.

Table 2. Key parameter settings of the desertification classification methods.

Method Key Parameter Settings

CART Minimum leaf population = 20; max nodes = 30
RF Number of trees = 200; minimum leaf population = 5; bag fraction = 0.6; random seed = 42

SVM RBF kernel; cost = 10; gamma = 0.5
MD Euclidean distance; Min–Max normalization to [0, 1]

Albedo–MSAVI DDI = a × MSAVInorm − Albedonorm , where a = 1/k

2.3.3. Model Performance Assessment Indicators
To ensure the representativeness of sampling points, we first masked the water bodies 

and used the K-means method to classify the MSAVI across the study area into five classes. 
Subsequently, 240 points were randomly generated within each class of the MSAVI, resulting 
in 1180 valid samples after screening. The spatial distribution of the 1180 sampling points is 
illustrated in Figure 1. According to the classification standards of existing studies, desertifica-
tion was classified into five levels: none, light, moderate, heavy, severe. The characteristics of 
the desertified landscapes for each level of desertification are listed in Table 3. Combined with 
the Google Earth high-resolution images during the same period and historical field survey 
data, we labeled the 1180 sampling points with five desertification levels. The 2024 reference 
samples comprised 447 none, 239 light, 171 moderate, 178 heavy, and 145 severe desertification 
samples. In GEE, the 1180 reference samples were randomly divided into training (70%) and 
validation (30%) subsets using a random seed of 42. To minimize the influence of sample 
partitioning on classification performance, random five-fold cross-validation was conducted 
on the training subset to evaluate the five classification methods.

To address the limited availability of temporally matched reference data, we employed 
a model-based temporal sample-transfer approach for historical desertification classification. 
Specifically, the selected higher performance classifier trained on the 2024 reference samples 
was applied to the MODIS imagery of each historical observation year. Predictions with 
a maximum class probability greater than 0.80 were selected as high-confidence pseudo-
labeled samples. Class stratified random sampling was subsequently applied, with a 
maximum of 800 samples per desertification class for each historical observation year. 
The resulting pseudo-labeled samples were combined with the candidate stable reference 
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samples identified from the 2024 dataset to construct year-specific training datasets. The 
corresponding target-year remote sensing features were then extracted to train year-specific 
selected classifiers. The classifiers were then trained to generate the desertification maps 
for the historical observation years.

Figure 1. Study area and Landscape photographs of desertification. (a) Geographical location and 
extent of the study area in Northern China and Mongolia; (b) Spatial distribution of elevation based 
on the digital elevation model (DEM); (c) Spatial distribution of land-cover types, fieldwork points, 
and sampling points; (d) light; (e) moderate; (f) heavy; (g) severe.

Table 3. Landscape characteristics of desertification in northern China and Mongolia.

Level Landscape Description Vegetation Cover
(%)

None Stable vegetation cover with little or no evidence of land 
degradation; soil surface is largely protected by vegetation. >70

Light
Vegetation begins to degrade; small and discontinuous 
sandy patches appear. The degraded area accounts for 

less than 25% of the landscape.
50–70

Moderate
Vegetation becomes fragmented and unevenly distributed. 

Sandy patches expand and degraded land occupies 
approximately 25–50% of the area.

10–50

Heavy Vegetation is sparse and degraded land exceeds 50% of the 
area. Wind erosion and mobile sand activities are evident. 1–10

Severe
Vegetation cover is nearly absent. Mobile dunes or bare 

sandy surfaces dominate the landscape, indicating severe 
ecological degradation.

<1

Model performance assessment indicators include Overall Accuracy (OA), the Kappa 
coefficient, Producer’s Accuracy (PA), and User’s Accuracy (UA). OA represents the pro-
portion of correctly classified samples relative to the total number of samples and provides 
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an overall measure of classification accuracy. The Kappa coefficient ranges from −1 to +1, 
where higher values indicate better agreement between the classified results and reference 
data. The Kappa value above 0.80 is generally considered to represent excellent classifi-
cation performance [39]. PA measures the probability that a ground truth reference is 
correctly classified. Meanwhile, UA represents the probability that a sample classified into 
a given category on the map actually belongs to that category [40]. The detailed calculation 
formulas are as follows:

OA =
1
𝑇

𝑘
∑
𝑖=1

𝑁ii (7)

κappa =
𝑇∑𝑘

𝑖=1 𝑁ii − ∑𝑘
𝑖=1(𝑁𝑖+ × 𝑁+𝑖)

𝑇2 − ∑𝑘
𝑖=1(𝑁𝑖+ × 𝑁+𝑖)

(8)

𝑃𝐴𝑖 =
𝑁ii
𝑁+𝑖

(9)

𝑈𝐴𝑖 =
𝑁ii
𝑁𝑖+

(10)

where k denotes the category, T represents the total number of samples, Nii  represents 
the number of diagonal elements of the confusion matrix, Ni+  represents the sum of the 
columns of the category, and N+i  represents the sum of the rows of the category.

2.3.4. Intensity Analysis
Intensity analysis is a hierarchical framework for quantitatively characterizing the 

dynamic evolution of land categories [41]. The category level and transition level are two 
key levels in intensity analysis model. The category level aims to reveal the activity level of 
each desertification class during a specific period. It determines the dynamic characteristics 
of each category by comparing its actual change intensity with an assumed uniform change 
intensity. If the actual intensity exceeds the uniform line, the category is regarded as “active”; 
otherwise, it is regarded as “dormant.” The calculation formulas are as follows:

𝐺tj =
𝑆+

tj /(𝑌𝑡+1 − 𝑌𝑡)

∑𝐽
𝑖=1 𝐶tij

× 100% (11)

𝐿ti =
𝑆−

ti /(𝑌𝑡+1 − 𝑌𝑡)
∑𝐽

𝑗=1 𝐶tij
× 100% (12)

where Gti  is the gain intensity of category j for time interval [Yt , Yt+ 1 ], and Lti  is the loss 
intensity of category i for time interval [Yt , Yt+ 1 ].

The transition level is intended to quantitatively describe the directional characteristics 
and intensity of transitions among desertification categories during a specific period. By 
comparing the observed transition intensity of each category with the uniform transition 
intensity, whether the transition of each category is significant can be determined. The 
formulas are as follows:

𝑅tin =
𝐶tin/(𝑌𝑡+1 − 𝑌𝑡)

∑𝐽
𝑗=1 𝐶tij

× 100% (13)

𝑊tn =
[(∑𝐽

𝑖=1 𝐶tin) − 𝐶tnn]/(𝑌𝑡+1 − 𝑌𝑡)

∑𝐽
𝑗=1[(∑𝐽

𝑖=1 𝐶tij) − 𝐶tnj]
× 100% (14)

where Rtin  is the annual intensity of transition from category i to category n during time 
interval [Yt , Yt+ 1 ], and Wtn  is the average intensity of all transition from category i to 
category n during time interval [Yt , Yt+ 1 ].
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2.3.5. Identification of Desertification-Driving Forces
Extreme Gradient Boosting (XGBoost) was employed to identify the predictive as-

sociation between environmental and socioeconomic factors and desertification. Its core 
idea involves iteratively training multiple Classification and Regression Trees (CART), 
where each newly generated weak learner is fitted to the residuals of the previous model. 
Ultimately, the optimal prediction result is achieved through weighted accumulation [42]. 
The modeling dataset comprised fixed spatial samples observed in 2000, 2005, 2010, 2015, 
2020, and 2024. For each sampling location and observation year, the corresponding deserti-
fication degree was used as the response variable, while environmental and socioeconomic 
factors from the same location and year were used as predictors. Therefore, the XGBoost 
model characterized the spatial associations between driving factors and desertification 
degree across the six study years. A dataset consisting of n spatial samples and m driving 
factors was used. The formula is as follows:

ˆ𝑦𝑖 =
𝐾

∑
𝑘=1

𝑓𝑘(𝑥𝑖), 𝑓𝑘 ∈ ℱ (15)

where K is the total number of decision trees; fk  is the expression of the k-th independent 
decision tree; and xi  is the feature vector of driving factors for the i-th spatial sample. ℱ
represents the functional space containing all possible classification and regression trees.

To overcome the inherent “black-box” feature of XGBoost, SHAP was applied to quan-
tify the contribution of each feature to model predictions through Shapley values, enabling 
both global and local interpretation of the underlying driving mechanisms [43]. To charac-
terize nonlinear feature responses, SHAP dependence plots were smoothed using locally 
weighted scatterplot smoothing [44]. Model-derived predictive breakpoints were identified 
as the feature values at which the LOWESS-smoothed SHAP response crossed zero, with 
their positions estimated by linear interpolation between adjacent fitted points. The SHAP 
framework adopted in this study can be expressed as follows:

ˆ𝑠𝑖,𝑐 = 𝜙0,𝑐 +
𝑀

∑
𝑗=1

𝜙𝑖,𝑗,𝑐 (16)

where ˆ𝑠𝑖,𝑐 represents the predicted model output for the i-th sample and class c; 𝜙0,c  denotes 
the baseline model output for class c; 𝜙i ,j,c  represents the SHAP value of the j-th feature for 
the i-th sample and class c, quantifying its contribution to the model prediction; and M is the 
total number of desertification-driving features used in model training (e.g., precipitation, 
potential evapotranspiration, and livestock density).

3. Results
3.1. Classification Accuracy of Different Desertification Extraction Models

To compare the class performance of different machine learning models in desertifica-
tion classification, a random five-fold cross-validation procedure was adopted in this study. 
Table 4 presents the accuracy of different machine learning and feature space models in rec-
ognizing each desertification. Compared with the other models, the RF model achieved the 
best classification performance, with an overall accuracy of 87.79% and a kappa coefficient of 
0.84. For none-desertification identification, its UA and PA was high at 94.54% and 95.48%, 
respectively. It maintained a high recognition rate across all desertification levels, effectively 
overcoming the confusion issues typical of traditional models in land cover transition zones. 
The CART model ranked second, achieving an OA of 86.90%. However, this model showed 
classification limitations in handling the boundaries of specific desertification levels. In 
particular, the classification performance for light desertification was relatively weak, with 
a UA of 78.31%. Next, the PA of the SVM model for recognizing severe desertification was 
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65.36%, indicating that it had obvious errors especially in identifying severe desertification. 
Additionally, the OA of both the MD model and the Albedo–MSAVI feature space model 
were below 80%. The Albedo–MSAVI feature space model recorded the lowest overall 
accuracy of 72.92%.

To further evaluate the classification performance of the RF classifier under spatially 
separated conditions, we performed five-fold spatial block cross-validation. The study area 
was divided into 30 km spatial blocks, and samples from the same block were assigned to 
the same fold. The RF model achieved a mean overall accuracy of 84.96% and a mean Kappa 
coefficient of 0.80 across the five spatial folds. Given its highest performance among the 
other models in the random five-fold cross-validation, together with its evaluated spatial 
generalization in the spatial block cross-validation, the RF model was selected as the final 
classifier for mapping desertification degrees across northern China and Mongolia.

Table 4. Comparison of accuracy assessment of different desertification information extraction models.

Model
Accuracy 

Type
Accuracy (%) OA

(%) Kappa
None Light Moderate Heavy Severe

CART
PA 92.15 84.50 82.79 86.09 79.84

86.90 0.83
UA 95.49 78.31 84.73 80.52 88.39

RF
PA 95.48 82.14 85.60 79.90 78.02

87.79 0.84
UA 94.54 84.24 84.52 76.83 86.96

SVM
PA 95.49 70.38 82.43 76.83 65.36

81.58 0.76
UA 89 81.6 93.37 68.47 74.45

MD
PA 89.04 69.25 81.50 59.56 76.11

77.93 0.71
UA 93.17 72.16 71.24 68.47 63.46

Albedo–
MSAVI

PA 92.31 66.15 73.08 69.23 63.85
72.92 0.66

UA 96 87.76 69.34 53.25 68.60

3.2. Spatiotemporal Distributions of Desertification in Northern China and Mongolia
3.2.1. Spatial Distributions of Desertification

Based on the RF model, the degree of desertification was extracted from 2000 to 2024 
in northern China and Mongolia (Figure 2), which showed the desertification exhibited 
obviously a severer trend from east to west. Over the past 24 years, non-desertification was 
mainly located in high-latitude humid mountainous areas, including the Greater Khingan 
Mountains and Changbai Mountains in northeastern China, the Altai Mountains in north-
western China, and the Khangai Mountains and Khentii Mountains in northern Mongolia. 
Light desertification was predominantly distributed around the edges of the eastern plains 
and within the high-latitude buffer zones in the north, including the margins of the Hulun-
buir Grassland and the eastern provinces of Mongolia. Moderate desertification was mainly 
located in the extensive ecological transition zone in the central region, covering areas such 
as Xilin Gol League, Ulaanqab in northern China, and the margins of the Great Lakes 
Depression in Mongolia. Heavy desertification was primarily distributed in the peripheral 
zones surrounding areas of severe desertification and in the central western part of the 
study area. Severe desertification was mainly observed in the marginal areas surrounding 
major deserts and Gobi landscapes in the western study area, especially around the Tarim 
Basin in northern China and the Gobi regions of southern Mongolia.

Temporally, desertification in the study area exhibited clear phased changes from 
2000 to 2024 (Figure 3a). Although the overall area of each desertification class remained 
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relatively stable, there were significant differences in the internal transitions among differ-
ent desertification levels between the two countries. In northern China (Figure 3b), the 
spatial pattern of non-desertification and light desertification remained relatively stable and 
showed signs of improvement. Over the past 24 years, the proportion of non-desertification 
consistently remained above 27%. Meanwhile, the proportion of light desertification steadily 
increased from 9% to 17% in the period of 2000–2024. In contrast, the desertification structure 
of Mongolia (Figure 3c) showed greater fluctuations, with moderate and heavy desertifi-
cation consistently dominating throughout the study period. In particular, moderate and 
heavy desertification expanded in 2015, accounting for 34% and 38% of the total area, re-
spectively. Overall, the ecological barrier regions in eastern parts of the study area remained 
relatively stable and showed localized improvement over the past 24 years, while the central 
transitional zone and the interior regions of Mongolia continued to exhibit high ecological 
vulnerability and remained exposed to substantial risks of land degradation.

Figure 2. The distribution of desertification degree in northern China and Mongolia from 2000 to 2024.

Figure 3. Proportions of desertified area in northern China and Mongolia from 2000 to 2024.
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3.2.2. Intensity Changes in Desertification
Based on the category intensity analysis (Figure 4), the overall desertification process 

exhibited a pattern of expansion, fluctuation, and reversal in northern China and Mongolia 
from 2000 to 2024. From 2000 to 2005, non-desertification and light and severe desertifica-
tion lands expanded, while moderate and heavy desertification declined (Figure 4(a1,a2)). 
The area of severe desertification increased by 0.18 × 105  km2 , indicating ecological dete-
rioration in some regions. From 2005 to 2010 (Figure 4(b1,b2)), non-desertification and 
moderate and severe desertification lands maintained a net increase. The gain intensities of 
light and moderate desertification lands were the most active, reaching 7.26% and 5.9%, 
respectively. Concurrently, the loss intensity of heavy desertification land was prominent, 
showing a continuous transition into other classes. From 2010 to 2015 (Figure 4(c1,c2)), 
the gain area of light desertification land increased rapidly, with a gain intensity of 9.97%, 
which was much higher than its loss area. Meanwhile, the areas of moderate and severe 
desertification lands decreased significantly. From 2015 to 2020 (Figure 4(d1,d2)), the 
non-desertification and severe desertification categories again exhibited a net increase. Con-
versely, light, moderate, and heavy desertification lands experienced a net decrease. From 
2020 to 2024 (Figure 4(e1,e2)), light desertification land experienced a net increase, while 
severe desertification land showed a net decrease. These results indicated desertification 
severity generally decreased and ecological conditions were improved during this period.

Table 5 presents the transition level analysis results. The non-desertification and mod-
erate desertification levels for all periods were mainly converted into the light desertification 
level, and the total area of conversion reached 2.06 × 105  and 5.48 × 105  km2 , respectively. 
Light desertification level mainly was converted into non-desertification land, with a total 
area of 1.66 × 105  km2 . However, from 2005 to 2010, light desertification was mainly con-
verted into moderate desertification land, with a transition area of 2.03 × 105  km2 . Heavy 
desertification land was mainly transformed into moderate desertification land during most 
periods. Nevertheless, from 2015 to 2020, heavy desertification land was converted into 
severe desertification land, with a transition area of 1.83 × 105  km2 . Overall, the coexistence 
of substantial transitions toward both higher and lower desertification levels reflected the 
dynamic feature of desertification evolution, providing further evidence that the regional 
desertification process underwent successive stages of expansion, fluctuation, and reversal.

Table 5. Major category conversions and areas (×105  km2 ) during different periods.

From 
Category

To Category

2000–2005 2005–2010 2010–2015 2015–2020 2020–2024 2000–2024

None
Category Light Light Light Light Light Light

Area 1.06 1.37 1.71 0.9 2.65 2.06

Light
Category None Moderate None None None None

Area 1.67 2.03 1.28 2.22 1.18 1.66

Moderate
Category Light Light Light Light Light Light

Area 2.81 0.98 2.73 1.91 2.82 5.48

Heavy
Category Moderate Moderate Moderate Severe Moderate Moderate

Area 1.71 2.12 1.33 1.83 1.45 3.34

Severe
Category Heavy Heavy Heavy Heavy Heavy Heavy

Area 0.9 0.78 1.25 0.54 2.15 1.23
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(e) 

(f) 

Figure 4. Category intensity analysis for six stages: (a1,a2) 2000–2005; (b1,b2) 2005–2010; 
(c1,c2) 2010–2015; (d1,d2) 2015–2020; (e1,e2) 2020–2024; (f1,f2) 2000–2024; 1 and 2 represent gains 
and losses. The bar graph on the left of the zero axis represents the area of the annual gain of each 
category; the bar graph on the right of the zero axis represents the annual gain intensity of each 
category. If the intensity bar ends on the left side of the uniform line, the change in that category is 
relatively dormant during that interval. If the intensity bar extends to the right of the uniform line, 
the change in the category is relatively active during the time interval.

3.3. Factors Associated with Desertification Patterns
Desertification is a gradual and continuous process, resulting in transitional features 

and ambiguous boundaries between adjacent desertification classes, to overcome the random 
noise introduced by mixed pixels and indistinct class boundaries in large-scale attribution 
modeling. Consequently, the five original desertification classes were clustered into three 
major ecological domains. Specifically, non-desertification and light desertification lands 
were merged into the stable and light zone. Moderate desertification land was defined as the 
transitional vulnerable zone. Heavy and severe desertification lands were combined into the 
severe-degradation zone (Figure 5). The three zones occupied 34.27%, 20.72%, and 35.91% of 
the study area, respectively, while the remaining 9.10% consisted of water and desert areas. 
Meanwhile, multicollinearity among the nine explanatory variables was assessed using the 
variance inflation factor (VIF) before XGBoost model training. All variables exhibited VIF 
values below 3 (1.113–2.962), indicating no substantial linear multicollinearity. Subsequently, 
to prevent information leakage arising from repeated observations at the same locations across 
the six study years, the dataset was partitioned into training (60%), validation (20%), and 
testing (20%) subsets using a location-based stratified group splitting strategy, with Point_ID 
as the grouping variable. Subsequently, the Optuna optimization framework was employed 
to perform automated hyperparameter tuning of the XGBoost model through 50 trials. The 
model achieved an overall accuracy of 87.16%, a macro-averaged F1-score of 0.84, and a Cohen’s 
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kappa coefficient of 0.80. Consequently, this provided a foundation of a high-performance 
model for the subsequent global and local SHAP mechanism explanation.

Figure 5. Spatial distribution of desertification ecological zones in northern China and Mongolia from 
2000 to 2024.

3.3.1. Key Factors Associated with Desertification Across Northern China and Mongolia
Desertification dynamics in northern China and Mongolia were affected by nonlinear 

interactions among soil properties, climate conditions, and local human activities. Further-
more, as the degree of ecological degradation changed, the dominant role of each factor 
exhibited significantly dynamic evolution at different stages (Figure 6). In the stable and 
light zone, the five most important factors, ranked by contribution rate, were Preci (42.9%), 
PET (15.1%), livestock density (11.2%), GDP density (9.3%), and speed (5.9%). In the 
transitional vulnerable zone, the importance of livestock increased substantially and ranked 
first among all factors, with a contribution rate of 36.1%. Preci (24.7%) and PET (9.8%) 
ranked second and third, respectively. In the severe-degradation zone, Preci remained the 
most important predictor (37.3%), followed by livestock density (23.2%), PET (14.4%), 
GDP density (9.1%), and sand content (4.7%). These results indicated that natural envi-
ronmental factors were consistently associated with desertification patterns throughout 
the desertification evolution process. In contrast, human activities, particularly grazing 
pressure, may have had a certain influence on ecosystem balance, although their specific 
effects on transitions between desertification stages remain uncertain.

SHAP dependence analysis demonstrated substantial differences in the direction and 
magnitude of feature contributions among ecological domains. In the stable and light zone, 
higher precipitation values were predominantly associated with positive SHAP values, 
whereas lower precipitation values generally exhibited negative contributions, indicating a 
stronger positive contribution to the model prediction for this class under wetter conditions. 
In contrast, higher PET values tended to exhibit negative SHAP contributions, while higher 
GDP density values were generally associated with positive contributions. In the transitional 
vulnerable zone, higher livestock density values were mainly associated with positive SHAP 
values, whereas lower values exhibited predominantly negative contributions. Preci showed 
an opposite pattern, with lower precipitation values generally corresponding to positive 
SHAP contributions and higher values associated with negative contributions. In the severe-
degradation zone, lower precipitation and livestock density values were predominantly 
associated with positive SHAP values, while higher values generally corresponded to 
negative contributions. Conversely, higher PET values tended to exhibit positive SHAP 
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contributions, indicating a positive association with the model prediction for this class. 
GDP density generally exhibited negative SHAP contributions at higher values, while wind 
speed and soil properties showed more heterogeneous contribution patterns across the 
three domains. Overall, these results indicate that the predictive associations of climatic 
and socioeconomic variables vary across ecological domains.

Figure 6. SHAP global feature contribution.

3.3.2. Nonlinear Responses and Model-Derived Predictive Breakpoints of Key Factors
Based on Figure 6, SHAP dependence plots of several highly important natural and socioe-

conomic variables were generated for individual features (Figure 7). The results indicated that 
both the direction and magnitude of the effects of driving factors exhibited pronounced nonlinear 
patterns and model-derived predictive breakpoint. In the stable and light zone, SHAP values 
generally increased with precipitation, changing from negative to positive at approximately 
309.65. In the transitional vulnerable zone, precipitation (Preci) showed a non-monotonic rela-
tionship, with SHAP values becoming positive at approximately 155.57 and returning to negative 
values at approximately 375.31. In contrast, Preci exhibited a predominantly decreasing relation-
ship with SHAP values in the severe-degradation zone, crossing zero at approximately 226.17. 
PET also displayed nonlinear patterns across the three domains. In the stable and light zone, 
SHAP values increased from negative to positive at approximately 427.9, reached a maximum at 
intermediate PET values, and subsequently declined, becoming negative again at approximately 
848.1. In the transitional vulnerable zone, SHAP values generally decreased with increasing 
PET, crossing zero at approximately 370.0, followed by a local recovery toward zero around 
840.3–908.3. In the severe-degradation zone, PET exhibited a U-shaped relationship, with SHAP 
values changing from positive to negative at approximately 407.3 and returning to positive values 
at approximately 965.4. These findings indicate that the predictive contributions of precipitation 
and PET vary considerably among ecological domains. Among the socioeconomic variables, 
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GDP density and livestock density also exhibited nonlinear predictive relationships. In the 
stable and light zone, GDP density was generally associated with positive SHAP contributions 
beyond approximately 0.04, although the magnitude of these contributions gradually decreased 
at higher values. In contrast, GDP density showed predominantly negative SHAP contributions 
across much of its observed range in the transitional vulnerable and severe-degradation zones, 
with sharp declines at low values. Livestock density exhibited more heterogeneous patterns. In 
the stable and light zone, SHAP contributions remained relatively close to zero across much of 
the observed livestock range, with a gradual increase toward positive values at higher livestock 
densities. In the transitional vulnerable zone, SHAP values increased sharply at low livestock 
densities, crossing zero at approximately 27.36 before gradually stabilizing at positive values. 
Conversely, in the severe-degradation zone, SHAP values declined rapidly with increasing live-
stock density, crossing zero at approximately 16.88 and remaining predominantly negative at 
higher values. These contrasting patterns highlight the spatial heterogeneity of socioeconomic 
predictors in the fitted model.

 

Figure 7. Single feature dependence plots for key factors.
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3.3.3. Interaction Effects of Factors Associated with Desertification
SHAP interaction effect analysis showed that the evolution of desertification was pri-

marily affected by interactions among multiple factors rather than individual variables in 
this region (Figure 8). However, Preci and livestock density exhibited relatively strong main 
effects in certain ecological domains, suggesting that the relative importance of main and 
interaction contributions varied among predictors and regions. Specifically, in the stable and 
light zone, Preci exhibited the largest main effect (1.29) and interaction contribution (1.32), 
with comparable magnitudes. PET showed a considerably larger interaction contribution 
(1.08) than its main effect (0.41). Similarly, the interaction contributions of livestock density 
(0.72), GDP density (0.66), and population density (0.60) exceeded their respective main 
effects. In the transitional vulnerable zone, livestock density exhibited the largest main 
effect (0.78), slightly exceeding its interaction contribution (0.72), whereas Preci showed 
the highest interaction contribution (0.83), followed by livestock density (0.72) and PET 
(0.66). In the severe-degradation zone, Preci remained the most prominent predictor in 
terms of both main effect (1.43) and interaction contribution (1.39), followed by livestock 
density (0.92 and 0.88, respectively). In contrast, PET exhibited a substantially greater inter-
action contribution (1.23) than its main effect (0.45), while GDP density, sand content, and 
population density also showed relatively stronger interaction contributions. In conclusion, 
these results highlight substantial heterogeneity in the relative importance of main and 
interaction contributions across ecological domains. Preci consistently exhibited strong pre-
dictive contributions, while livestock density was particularly prominent in the transitional 
vulnerable and severe-degradation zones. Meanwhile, PET and several socioeconomic and 
soil-related variables were characterized by relatively greater interaction contributions.

Figure 8. Comparison of main and interaction effects. (a) the stable and light zone; (b) the transitional 
zone; (c) the severe degradation zone.
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The SHAP interaction matrix further revealed substantial differences in the magnitude 
and relative importance of pairwise feature interactions across the three ecological domains 
(Figure 9). Overall, interactions involving precipitation (Preci), potential evapotranspiration 
(PET), and livestock density were relatively prominent, although the strengths and rankings 
of individual feature pairs varied among ecological domains. Specifically, in the stable and 
light zone, the strongest interaction was observed between Preci and PET, with an interaction 
value of 0.327, followed by Preci–livestock density (0.240) and Preci–GDP density (0.235). 
These results indicate that Preci-related interactions accounted for the largest pairwise 
interaction magnitudes in this domain. In the transitional vulnerable zone, Preci–PET 
remained the strongest interaction (0.206), followed by livestock density–Preci (0.181) and 
livestock density-population density (0.144). Compared with the stable and light zone, the 
interaction magnitudes of Preci–PET and Preci–livestock density were lower, while livestock 
density remained involved in several of the relatively important interaction pairs. In the 
severe-degradation zone, Preci–PET exhibited the highest interaction magnitude (0.411), 
followed by Preci–livestock density (0.276) and livestock density–PET (0.200). The Preci–
PET and Preci–livestock density interactions were stronger in this domain than in the other 
two domains, indicating greater contributions from these specific feature interactions to 
the corresponding model predictions. In conclusion, these findings demonstrate that Preci-
associated interactions are consistently dominant, while the magnitudes of pairwise SHAP 
interactions exhibit spatial heterogeneity across ecological domains. Although the Preci–
PET interaction was the strongest pair in all three domains, livestock-related interactions 
also made substantial contributions to model predictions, especially within the transitional 
vulnerable and severe-degradation zones.

Figure 9. Composite matrix of feature interaction effects.
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4. Discussion
4.1. Large-Scale Desertification Information Extraction and Indicator Selection

Northern China and Mongolia are characterized by extensive arid and semi-arid land-
scapes with strong spatial connectivity of desertification processes. However, accurately 
extracting desertification information in such large-scale regions relies on scientific and 
effective remote sensing monitoring methods and robust indicators. It is difficult to achieve 
high-precision, large-scale desertification information extraction using only traditional field 
surveys or single-scene image processing [16]. Meanwhile, the selection of appropriate 
indicators is fundamental to the construction of reliable desertification monitoring models. 
Therefore, based on the GEE platform, this study developed a multidimensional indicator 
framework integrating MSAVI, Albedo, TGSI, EVI, WET, and BSI. By exploiting complemen-
tary information on vegetation, soil, and moisture conditions, the framework effectively 
reduces soil background effects and improves the discrimination of desertification severity 
across heterogeneous landscapes. Specifically, MSAVI and EVI effectively reduced spectral 
interference from exposed soil backgrounds and enhanced sensitivity to sparse vegetation, 
while TGSI and Albedo effectively captured soil coarsening and surface radiation changes 
associated with land degradation [45–47]. Moreover, northern China and Mongolia cover a 
vast area with significant internal geographical differences. We also introduced elevation 
and slope as topographical environmental constraint features. This provided an underlying 
surface foundation for accurately extracting desertification information. The integration 
of vegetation, soil, moisture, and topographic information provided complementary in-
sights into desertification processes, effectively reducing spectral confusion and improving 
the discrimination and robustness of desertification classification across the study region. 
The extensive geographic coverage and environmental heterogeneity of northern China 
and Mongolia present major challenges for desertification mapping. In complex transi-
tional landscapes, adjacent desertification classes may exhibit similar soil and vegetation 
spectral characteristics, making them difficult to distinguish. Consequently, traditional 
feature space models, such as Albedo–MSAVI and TGSI–MSAVI feature space models, may 
not adequately capture subtle differences between desertification classes, thereby limiting 
their classification accuracy [38,48]. Among these evaluated methods, RF achieved the 
highest classification accuracy. Benefiting from bootstrap aggregation and random feature 
selection, RF can effectively capture complex nonlinear relationships while reducing the 
risk of overfitting [49]. Unlike CART, which relies on a single decision tree structure, RF 
integrates the predictions of numerous trees, resulting in greater stability and generalization 
capability. Furthermore, compared with SVM, RF is less sensitive to parameter settings and 
can better accommodate highly heterogeneous environmental conditions across large geo-
graphic regions. Conversely, MD assumes relatively simple statistical separability among 
classes and is less effective in representing the nonlinear characteristics of desertification 
processes. The superior performance of RF also reflects its ability to exploit complementary 
information from multiple indicators simultaneously. By integrating vegetation, soil, mois-
ture, and topographic, variables, the model captures the complex interactions underlying 
desertification dynamics that are difficult to represent using low-dimensional approaches. 
Consequently, the model achieved an overall accuracy of 87.79% and a kappa coefficient of 
0.84, indicating its suitability for long-term and large-scale monitoring of desertification 
dynamics in arid environments. By integrating multidimensional indicators into machine 
learning approaches on the GEE platform, this study improved the accuracy and robustness 
of large-scale desertification mapping.
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4.2. Differences in Desertification Evolution Between Northern China and Mongolia
Despite sharing similar geographical and climatic backgrounds, northern China and 

Mongolia exhibited markedly divergent desertification trajectories over the past 25 years. 
Based on the research results, from 2000 to 2005, desertification dynamics exhibited con-
siderable spatial heterogeneity across northern China and Mongolia, with improvements 
observed in some regions and deterioration occurring in others, which is consistent with 
previous studies [50]. From 2005 to 2020, northern China exhibited signs of ecological 
improvement, as reflected by a reduction in heavy and an expansion of non-desertified land. 
This improvement coincided with the implementation of a series of ecological restoration 
strategies, including the Three-North Shelterbelt Program, the Beijing–Tianjin Sand Source 
Control Project, and the grazing regulation measures [51,52]. Therefore, the observed 
improvement may be associated with the combined influences of ecological restoration 
measures and climatic conditions. Although extreme drought events after 2020 caused 
localized land degradation in northern China, the overall recovery trend remained stable. 
By contrast, Mongolia exhibited more complex desertification dynamics, with fluctuations 
across different desertification categories and localized deterioration despite improvements 
in some areas. Although the total desertified area declined slightly after 2005, desertification 
hotspots gradually shifted northward after 2015, with increasing degradation observed in 
parts of northeastern Mongolia. This trend was largely associated with increasing grazing 
pressure during the country’s economic transition period, which accelerated vegetation 
degradation in ecologically vulnerable areas [53]. In addition, extensive mining activities 
may further damage fragile soil surface and intensify ecological imbalance across the re-
gion [54,55]. In summary, the differences in desertification evolution between northern 
China and Mongolia suggest that land management policies and human activities may have 
contributed to regional differences alongside climatic factors. The experience of northern 
China, particularly in ecological restoration, adaptive grazing management, and targeted 
policy implementation, may provide a valuable reference for Mongolia and help Mongolia 
formulate adaptive desertification control strategies and achieve the United Nations goal of 
land degradation neutrality.

4.3. Factors Associated with Desertification Patterns in Northern China and Mongolia
The XGBoost–SHAP framework employed in this study provided distinct advantages 

over the traditional geodetector approach in handling the complex nonlinear relationship 
underlying desertification dynamics in northern China and Mongolia. The results further 
indicate that climate change and human activities are the major drivers of desertification 
dynamics, consistent with previous studies [56]. However, the influence of these drivers 
varies across different temporal and spatial contexts. Among natural driving factors, cli-
mate warming plays a dominant role in shaping desertification patterns. The Mongolian 
Plateau exhibited a significant warming and drying trend, with mean annual temperatures 
increasing at a rate of approximately 0.03–0.05 °C yr−1  [34]. The process reduced vegetation 
cover and weakened surface resistance to wind erosion, thereby accelerating land degrada-
tion [57]. However, precipitation remains a critical constraint on the spatial distribution of 
desertification across northern China and Mongolia. Areas receiving relatively abundant 
rainfall, particularly eastern northern China and northern Mongolia, generally exhibited 
lower levels of desertification. In contrast, the inland regions of the western parts of northern 
China and southwestern Mongolia were increasingly exposed to the combined effects of 
declining precipitation and rising temperatures, resulting in intensified land degradation 
and a gradual shift in desertification hotspots toward these arid regions. These results 
indicate that climatic conditions establish the fundamental pattern of regional desertifica-
tion. Human activities further influence regional differences in desertification trajectories. 
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Northern China and Mongolia exhibit systematic differences in land ownership, grazing 
policies, and ecological governance, which has led to the differentiated evolution of deserti-
fication between the two regions. Since the economic transition in the 1990s, Mongolia has 
experienced a rapid increase in livestock numbers, rising from approximately 25 million to 
nearly 70 million head, resulting in intensified grazing pressure and widespread grassland 
degradation [58,59]. In contrast, many regions of northern China, particularly Inner Mongo-
lia, have implemented comprehensive grassland management measures, including grazing 
bans, seasonal grazing exclusion, and rotational grazing systems. These measures have 
enhanced vegetation recovery and reduced wind erosion, contributing to the reversal of de-
sertification trends in many areas [7]. The relative importance of climatic and anthropogenic 
factors also varies with the environmental characteristics of different ecological domains. 
The stable and light zone is generally characterized by relatively continuous vegetation cover, 
limited soil exposure, and comparatively favorable moisture conditions, indicating a less 
degraded ecological environment. The transitional vulnerable zone exhibits more heteroge-
neous ecological conditions, characterized by fragmented vegetation, partially bare soils, 
and potentially varying livestock grazing pressure, resulting in more complex associations 
between climatic and anthropogenic factors. In contrast, the severe-degradation zone is 
typically characterized by sparse vegetation, extensive bare surfaces, and more pronounced 
moisture limitations, where climatic variability, wind conditions, and soil properties may 
be associated with distinct patterns of desertification. Overall, the results reveal complex 
nonlinear predictive associations between desertification patterns and climatic and socioe-
conomic factors across northern China and Mongolia, with the relative importance and 
interaction contributions of these factors varying substantially across ecological domains. 
Key predictors, especially precipitation, livestock density, and potential evapotranspiration 
(PET), show heterogeneous nonlinear relationships and model-derived predictive break-
points, offering valuable insights into the spatial variability of desertification patterns and 
supporting ecological assessment and land management strategies.

4.4. Limitations and Uncertainties
This study constructs a reliable and efficient large-scale regional desertification assess-

ment framework and identifies their associations with environmental and anthropogenic 
factors across northern China and Mongolia. However, there are some limitations that 
need to be addressed. The 500 m MODIS data provide consistent observations across the 
extensive study region, making them suitable for characterizing broad-scale desertification 
patterns. However, mixed spectral responses from vegetation and exposed soil may increase 
classification uncertainty in heterogeneous landscapes, particularly when distinguishing 
adjacent desertification classes in grassland–desert transition zones. Similarly, regarding 
temporal resolution, the approximately five-year observation interval was adopted to cap-
ture medium- to long-term desertification changes. Desertification is a complex process 
involving vegetation degradation, soil deterioration, and interactions between climatic and 
anthropogenic factors, with some changes accumulating over multiple years. Meanwhile, 
considering the extensive geographical coverage of our study area and the computational 
requirements of large-scale remote sensing classification, an approximately five-year ob-
servation interval provides a practical approach for characterizing broad regional patterns 
of long-term desertification, consistent with previous studies in northern China and Mon-
golia [60–63]. Although interannual climatic variability and extreme events may cause 
short-term disturbances, some of their ecological effects can persist for several years and 
may therefore be reflected in subsequent observations [64]. Conversely, ecosystems may 
recover from certain short-term disturbances, causing their temporary effects to diminish 
before the next observation. Consequently, while the six temporal snapshots provide a 
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reasonable basis for assessing broad regional patterns and medium- to long-term changes, 
they cannot fully capture short-term fluctuations or the complete degradation and recov-
ery processes occurring between observation years. Future research incorporating annual 
observations could provide a more detailed understanding of short-term variability and 
the temporal persistence of desertification processes. Second, the limited availability of 
historical reference data presents challenges for long-term desertification mapping. To 
address this issue, a temporal sample-transfer approach integrating the 2024 reference sam-
ples, high-confidence pseudo-labels, and historical remote sensing features was adopted. 
Although this approach facilitates historical classification, changes in land-surface charac-
teristics over time may introduce some uncertainty into the transferred samples, affecting 
the resulting maps. Therefore, independent reference datasets could be incorporated in 
future studies to further assess model generalization across different regions and historical 
periods. Finally, the XGBoost–SHAP framework provides valuable insights into the relative 
predictive importance and nonlinear relationships of factors associated with desertification. 
Although variance inflation factor (VIF) analysis indicated low linear multicollinearity, 
potential nonlinear dependencies among explanatory variables may still influence SHAP 
contributions. Moreover, SHAP values describe model-based associations rather than 
direct causal relationships. Therefore, the identified feature interactions and predictive 
breakpoints should not be interpreted as independently verified ecological mechanisms or 
thresholds. Further integration of ecological observations and complementary analytical 
approaches could improve the interpretation of these relationships.

5. Conclusions
This study developed a multidimensional desertification assessment framework by 

integrating long-term MODIS imagery, machine learning algorithms, intensity analysis, 
and the XGBoost–SHAP model on the GEE platform to assess the spatiotemporal dynamics 
and the factors associated with desertification patterns across northern China and Mongolia 
from 2000 to 2024. Among the evaluated approaches, the RF model achieved the highest 
classification accuracy for desertification classification, with an overall accuracy of 87.79% 
and a Kappa coefficient of 0.84. The results revealed that desertification of the study area 
experienced a process of expansion, fluctuation, and reversal, with recovery being the 
dominant trend overall. Specifically, desertification displayed a clear pattern of increasing 
severity from east to west. The area of severe desertification declined significantly and was 
mainly transformed into lower desertification classes. Moreover, desertification patterns 
were associated with complex nonlinear relationships and interactions among climatic and 
socioeconomic factors, with precipitation, livestock density, and potential evapotranspira-
tion (PET) emerging as key predictors whose relative contributions varied across ecological 
domains. The differences in desertification patterns between northern China and Mongolia 
may also be associated with variations in ecological restoration policies, land management 
practices, and grazing intensity. These findings provide scientific support for regional 
desertification assessment and sustainable land management in the arid and semi-arid 
regions of East Asia.
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