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Abstract: Desertification is a global environmental and socio-economical issue threatening human-

ity's survival and development. The Shiyang River Basin ecosystem is vulnerable and prone to des-

ertification. In addition, establishing the quantitative analysis of desertification driving factors and 

understanding their relative contribution, separately or combined, is still an unresolved problem. 

The present study applied geographic information system (GIS) techniques and a geographic detec-

tor model to quantify desertification spatial extent and driving mechanisms. This research utilized 

Fractional Vegetation Cover (FVC) to elucidate desertification spatial heterogeneity. The 30 years 

Coefficient of Variation (CV) of the Normalized Difference Vegetation Index (NDVI) was a depend-

ent variable and indicator of ecosystem terrestrial conditions; Elevation, near-surface air tempera-

ture, precipitation, wind velocity, land cover change, soil salinity, road buffers, waterway buffers, 

and soil types were independent variables. The results showed that 89.41% of the total area is under 

desertification risk, where 20.99% is extremely desertified, 34.45% is severely desertified, 12.05% is 

moderately, and 21.92% is slightly desertified. The results from the Geodetector model showed that 

Power Determinant (PD) values ranged between 0.004 and 0.270. Elevation and soil types had the 

highest contributing factors with PD values of 0.270 and 0.227, whereas precipitation, soil salinity, 

the buffer of the waterway, and wind velocity played a moderate role with PD values of 0.146, 0.117, 

0.107, and 0.071. Near-surface air temperature, road buffer, and land cover dynamics exhibited 

lower impact with PD values of 0.028, 0.013, and 0.004. In most cases, investigating the interaction 

between driving factors resulted in a mutual or non-linear enhancement. There was an apparent 

linear and mutual enhancement between elevation and soil salinity, precipitation, and soil types 

with values of 0.3513, 0.3232, and 0.3204, respectively. In addition, there was a mutual enhancement 

between soil salinity and soil types with a value of 0.2962. On the other hand, a non-linear enhance-

ment was observed between Elevation and near-surface air temperature (0.3116), Elevation and 

Land cover dynamics (0.2759), soil types and near-surface air temperature (0.2687), land cover dy-

namics and soil types (0.234), precipitation and near-surface air temperature (0.2248), precipitation 

and wind velocity (0.2248), and between land cover dynamics and precipitation (0.223). This re-

search revealed irrefutable evidence that environmental factors might be the primary drivers of eco-

system disturbance, provided the basis for the environmental footprint of desertification mecha-

nism, and might be a cornerstone for future policy on ecological restoration sustainability in the 

Shiyang River Basin. 
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1. Introduction 

Desertification is a global drylands threat characterized by the gradual degradation 

of soil productivity, loss, and thinning of vegetation cover in arid and semi-arid re-

gions[1-3]. Desertification endangers the well-being of billions of people, driving spe-

cies to extinction, intensifying climate change, and contributing to mass human mi-

gration and increased social conflicts [4, 5]. Abnormal and persistent climate change, 

geomorphological processes, and geographical location are the crucial natural factors 

of desertification, while demographic pressure and intensive agro-pastoral and un-

regulated economic activities are leading anthropogenic sources of eco-environment 

decline in dryland zones[6-8]. Desertification threatens a quarter of the land surface 

and 10 to 20% of drylands, affecting 250 million people in developing countries[9, 10]. 

In addition, more than 12 million hectares of farmland are lost yearly due to only des-

ertification and drought, with an approximate yearly loss of 20 million tons of crops 

supposedly produced by degraded lands[11]. South and East Asia, Southern Africa, 

the Citrum of Sahara, the Middle East, Latin America, the Caribbean, and western and 

southwestern parts of the United States of America are the most damaged areas by 

desertification [11-14].  

China experienced multiple arid phases throughout the Quaternary period and inter-

mittence in desertification degrees in the past five decades[15]. This phenomenon at-

tracted scientists to understand these changes' causes and historical trends due to 

their potentially colossal significance for the global ecology and food supply[7, 16-20]. 

However, since the 1950s, desertification has increased in China, peaking between the 

1970s and early 1980s, then later started ecosystem rehabilitation projects[15]. Partic-

ularly the Shiyang River Basin, as a pivotal in natural resource reserves in the Hexi 

Corridor zone, has also been subject to extreme natural and excessive anthropogenic 

pressures leading to rapid ecological deterioration and desertification at an unprece-

dented rate [21, 22]. For example, temperature increases and reduced glacial meltwa-

ter in the Qilian Mountains have led to a water supply shortage for the past few dec-

ades[23]. In addition, soil salinization and human economic activities, such as the 

overexploitation of groundwater resources for irrigation works, resulted in the deple-

tion of vegetation cover and desertification at an unprecedented rate, particularly in 

the lower reaches[24, 25]. 

Various scientific approaches, such as biophysical and socio-economic data collection 

and numerical modeling techniques, have been used to understand desertification at 

different spatiotemporal scales [26-30]. However, previous research highlighted the 

primordial role of analyzing biological indicators to describe ecosystem functioning 

as a proxy for better assessing and monitoring land degradation and desertification 

[31].The earth observation approach provides a state-of-the-art technique for as-

sessing and monitoring multi-temporal and multiscale ecosystem dynamics. For ex-

ample, Remote Sensing and GIS extensively serve to understand soil properties, the 

dynamics, and the vegetation response to climate fluctuations and human activities 

in different landscape types worldwide[32-41]. Consequently, this technique can pro-

vide a comprehensive observation of dryland areas, help to ensure and set up fact-

based policy and management system, provide early warnings over potential disas-

ters and prevent the unsustainable use of ecosystem goods and services[42, 43]. Sev-

eral studies revealed some Remote Sensing indicators suitable for dryland observa-

tion, and few approaches and numerical models had been developed for qualitative 

and quantitative measurement. These measures include biological indicators such as 

vegetation greening trend patterns and physical indicators such as top-layer soil prop-

erties, landscape change, etc. [44-50].  

Although these studies empirically attributed climate change and human activity as 

factors responsible for the observed changes in desertification, they merely relied on 
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inferences based on correlations between trends[51-54]. In addition, these studies only 

focused on elucidating the status and dynamics of desertification[55-58]. However, 

quantitative analysis of each driving factor's contribution is still unclear and must be 

solved to facilitate the implementation of target 15.3 of the Sustainable Development 

Goals (SDG) to reach zero land degradation by 2030. Moreover, existing statistical ap-

proaches to assess influencing factors for vegetation cover change and greening pat-

terns, such as correlation, regression, factor, and geographic regression analyses, 

merely involve assumptions regarding data but fail to shed light on the interaction 

between factors and are hindered mainly by multicollinearities among influencing 

factors[50]. 

On the other hand, the Geographic Detector Model (GeoDetector) does not operate 

based on linear hypothesis, rendering it a simple and strait application [59]. More im-

portantly, this approach works with categorical and continuous variables and all data 

types[60]. In addition, Geodetector can explicitly determine interdependence between 

dependent variables without restricting multicollinearities[61]. Therefore, this study 

will combine human and environmental factors data to understand the desertification 

driving mechanism through quantitative analysis of interactive effects between envi-

ronmental and anthropogenic factors in the Shiyang River Basin. 

2. Materials and Methods 

2.1. Study area description 

 

Figure 1 The geographic location of the study area: The Shiyang River basin 

The Shiyang River Basin lies between 101°41'-104°16'E and 36°29'-39°27'N, in the east 

of the Hexi Corridor in Gansu Province, west of Wushaoling and North of the Qilian 

Mountains, covering a total area of 41,600 square kilometers [62]. High mountains in 

the South characterize its topography with altitudes ranging from 2000 to 5000 meters; 

the central plain corridor area covering the east of Longshou Mountain extends to the 

remnants of the Hanmu Mountain, Hongya Mountain, and Aragua Mountain with 

the altitude ranging from 1400-2000 m [63]. The North Basin includes the Minqin Ba-

sin, Jinchuan, and Changning Basin, ranging from 1300 to 1400 m altitude [64]. In ad-
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dition, the basin can be divided into four geomorphological units: the Qilian Moun-

tains in the South, the Central Corridor Plain Area, the Northern Low Mountain and 

Hilly Area, and the Desert Area [65]. The Shiyang River Basin is deep in the conti-

nent's hinterland and belongs to the continental temperate arid climate, distinct by 

extreme sun radiation, sufficient sunshine, significant temperature difference, little 

precipitation, intense evaporation, and dry air [66].  

The watershed runs from the South to the North, roughly divided into three climatic 

zones: Alpine, semi-arid, and semi-humid zone of the southern Qilian Mountains at 

the altitude of 2000 and 5000 m, with annual precipitation of 300 to 600 mm, with 

annual evaporation of 700 to 1200 mm, and drought index ranging between 1 and 4. 

The central corridor plain with altitude ranging between1500 to 2000 meters, annual 

precipitation of 150 to 300 mm, annual evaporation of 1300 and 2000 mm, and drought 

index between 4 and 15. The warm and dry Northern part comprises all of Minqin, 

North of Gulang, Northeast of Wuwei, and North of Longshou Mountain in Jinchang 

City. The altitude is between 1300 and 1500 m, the annual precipitation is less than 

150 mm, and the North of Minqin is close to the edge of the Tengger Desert. The an-

nual rainfall in the marginal zone is around 50 mm, yearly evaporation ranges be-

tween 2000 and 2600 mm, and the drought index ranges between 15 to 25 [67]. The 

Shiyang River basin comprises the Dajing River, Gulang River, Huangyang River, 

Zamu River, and Jinta River from east to West [68].  

The administrative division of the basin includes Gulang County, Liangzhou District, 

Minqin County, Tianzhu County of Wuwei City, part of Yongchang County, Jinchuan 

District of Jinchang City, Sunan Yugur Autonomous County, and Shandan of 

Zhangye City[68]. The study area is one of the fast-growing industrial and agricul-

tural activities among other regions in the Hexi corridor [69], with a total population 

of  2.2689 million according to The 2003 Census, where the urban population is 

733,900 people, the rural population is 1.535 million people, and the urbanization rate 

is 32.35% [70, 71]. 
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Figure 2 Technological roadmap for the study 

1.2. Model inputs parameters 

This study considered the 30 years Coefficient of Variation (CV) of the Normalized Dif-

ference Vegetation Index (NDVI) as a dependent variable and indicator of ecosystem ter-

restrial conditions; on the other hand, Elevation (DEM), near-surface air temperature, pre-

cipitation, wind velocity, land cover change, soil salinity, road buffers, waterway buffers, 

and soil types were independent variables and proxies for assessing and quantifying driv-

ing factors associated to land degradation and recovery in the Shiyang River Basin Figure 

3. 

Terrain analysis is crucial for modeling environmental systems [72]. This study chose 

DEM as a land degradation driving factor due to topographic complexity and elevation 

gradient effect on the regional microclimate along the Qilian Mountains [73, 74]. DEM 

data were downloaded from Google Earth Engine (GEE), and a detailed explanation of 

the algorithms used for terrain data processing and visualization can be found in the pa-

per published by [75]. Unfortunately, demographic growth and structure, livestock, and 

carbon emission data are not available for Land cover change, but Hydrology, buffer 

roads, and waterways served as alternative auxiliary variables to assess the anthropogenic 

factors of land degradation. During data processing, roads, buildings, and waterways in 

the Shiyang River Basin were vectorized based on Google Earth imagery; then, buffers 

were analyzed using the Euclidean distance function on QGIS 3.24.0. The smaller the Eu-

clidian distance is to roads and urban settlements, the higher the human impact on the 

Land; the smaller the distance to water, the higher the soil moisture; hence, the lesser sus-

ceptibility to land degradation. Data from land cover dynamics were also used as a proxy 

to highlight both the climate effect and the established land-use policy's contribution to 

ecological status. Data were obtained from a Landsat 8 OLI imagery, and the map was 

produced following the China landcover classification system and Land Use Remote Sens-

ing Mapping Classification system [76]. 
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Soil salinization significantly threatens soil's geochemical properties, especially in dryland 

areas [77]. Moreover, many studies proved the relationship between soil salinization, cli-

mate change, soil fertility loss, and ecosystem deterioration [78]. In this study, soil salinity 

content information is retrieved from a Landsat-based map produced using a multiple 

linear regression model based on the work of [79]. Equation (1) presented below is used 

to retrieve soil salinization. 

𝐄𝐂 (𝐝𝐒/𝐦) = −𝟎. 𝟖𝟗𝟔𝟑𝟏𝟔𝟏 + 𝟓. 𝟓𝟐𝟗𝟐𝟐𝟗𝟎 × (𝐁𝟖) + 𝟐. 𝟕𝟏𝟗𝟗𝟑𝟗𝟏 × (𝐆 × 𝐒𝐖𝐈𝐑𝟏) +
𝟐. 𝟑𝟔𝟔𝟒𝟗𝟓𝟓 × (𝐁 × 𝐒𝐖𝐈𝐑𝟏) + 𝟐. 𝟕𝟔𝟖𝟓𝟔𝟎𝟕 × 𝐒𝐈𝟓   (1) 

Where EC is Electrical conductivity in dS/m (decisiemens per meter), B8 is the Panchro-

matic band, G is the Green band, SWIR1 is shortwave infrared1, and SI5 stands for salinity 

index 5. 

Gridded annual mean precipitation, wind velocity, and near-surface air temperature with 

1 km resolution from 1990 to 2021 were generated through spatial interpolation based on 

daily data from National Meteorological Stations and downloaded from the Cloud Plat-

form of the Chinese Academy of Sciences (http://www.resdc.cn). 1 km resolution soil 

types data were collected from the Cold and Arid Regions Science Data Center at 

http://westdc.westgis.ac.cn/. In addition, growing season median vegetation data were 

generated in the cloud and downloaded from Google Earth Engine (GEE). 

 

Figure 3 Model inputs: A-temperature, B-precipitation, C-wind velocity, D-land cover change, E-soil salinization, F-soil types, G-buffer to wa-

terways, H-buffer to roads, I- Elevation. 

1.3. Geographic detector model 

The geographical detector model or GeoDetector is a tool that measures stratified spatial 

heterogeneity (SSH), generating a spatial differentiation between intra-strata and inter-

strata phenomena while elucidating the validity of their spatial partition and driving fac-

tors [59]. GeoDetector measures and detects the SHH among data, then test the coupling 

between two variables, X and Y, based on their respective SSH without assuming their 

linearity, and finally explores the interaction between the two explanatory variables Xi 

and Xj in response to variable Y without any predefined form of interaction[80]. Stratified 
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spatial heterogeneity gained a broad application, particularly in public health, environ-

ment, ecology, and forestry studies[81-83].  

This universal tool has various applications and provides objective and accurate evalua-

tion as it is insensitive to the results interference due to human errors [84]. In recent years, 

more researchers have investigated the adverse impacts of anthropogenic and natural-

induced processes on desertification, suggesting a more comprehensive approach to thor-

oughly understand desertification's fundamental drivers [6, 85]. 

The proposed method can numerically and quantitatively differentiate between inde-

pendent variables and outline the interaction between two dependent variables. In addi-

tion, it can perform a spatial heterogeneity analysis for negatively distributed variables 

when independent variables are quantifiable [86]. Therefore, variables convert into dis-

crete intervals, also known as discretization, based on the quantile and equal spacing clas-

sification by minimizing the variance within the interval and maximizing the variance 

between intervals [87]. The GeoDetector model comprises a Risk, Factor, Ecological, and 

Interaction detector [88]. Details about the conceptual basics of Geographic Detectors are 

illustrated in Table 2, while more information can be found in the R package, along with 

its manual and study case, at CRAN - Package GD (r-project.org). 

1.3.1. Factor detector 

The interoperation of different factors' impact on regional heterogeneity is based on spa-

tial variance analysis on geographical strata following the model proposed by[89]. The 

association between spatial variance and a geographical detector model can be expressed 

using equation (2). 

PD = 1 −
∑ ∑ (yh1−y̅h)−

2Nh
i=1

L

h=1

∑ (yi−x̅)2N

i=1

= 1 −
∑ Nhσh

2
L

h=1

Nσ2         (2) 

PD is the power determinant based on the spatial heterogeneity of the study object. L is 

the strata subdivisions of the study denoted by h=1,…, L. σ2 and σ2h are the units variances 

[90]. N and Nh are the study area units, and h is the strata. The PD interval varies between 

0 and 1, i.e. [0,1], meaning that PD=0 if the determinant is utterly unrelated to the risk, 

whereas PD=1 when the determinant controls the risk. 

The spatial discretization optimization aims to identify the optimum spatial scale for the 

spatial stratified heterogeneity analysis over different scales indicating that the obtained 

PD of all explanatory variables with their respective spatial discretization parameters at 

various scales must be compared with corresponding spatial scales to investigate their 

relationships. Optimizing the spatial discretization and scale requires a delicate selection 

of discretization methods and break numbers for each continuous geographical variable. 

The best parameter combination is determined by the PD value specified with the factor 

detector. During the PD values computation, a set of discretization methods and break 

numbers are provided for each variable[87, 91]. Even though the combination is optional, 

spatial discretization covers almost all available choices where break numbers can be in-

teger sequences depending on observations and practical requirements. A parameter 

combination with the highest PD is the best choice of a continuous variable for spatial 

discretization as it presents the variable's highest importance in stratified spatial hetero-

geneity[92, 93].  
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1.3.2. Risk detector 

The risk detector can be applied to test the significant difference among mean values of 

subregions classified following categorical or stratified variables [86, 87]. The expression 

for Risk Detector is given by equation (3). 

𝑡𝑌̅ᶯ
 + 𝑥̅1 =

(𝑌̅ᶯ−𝑌̅𝑘)

√
𝑠ᶯ

2

𝑁ᶯ
+

𝑠𝑘
2

𝑁1

     (3) 

Ῡᶯ and Ῡk are the mean values of observations within sub-regions ᶯ and k. s2
ᶯ and sk2 rep-

resent sample variance, while Nᶯ and Nk stand for observations number. The statistics for 

this factor follow the Student's distribution table; hence the degree of freedom can be ex-

pressed using equation (4). 

𝑑𝑓 =
(

𝑠ᶯ
2

𝑁ᶯ
+

𝑠𝑘
2

𝑁𝑘
)

[
1

𝑁ᶯ−1
(

𝑠ᶯ
2

𝑁ᶯ
)

2

+
1

(𝑁𝑘−1)
(

𝑠𝑘
2

𝑁𝑘
)

2

]

              (4) 

The Student-t distribution table can test the null hypothesis H0, presented by equation (5), 

at a 0.05 significant level.  

𝐻0: 𝑌 = 𝑌𝑘̅                       (5) 

 

1.3.3. Ecological detector 

An ecological detector is a robust tool employed to test explanatory variables' efficiency 

by confirming whether one factor, X1 has a higher impact over another X2 [87], as ex-

pressed in equation (6). 

𝐅 =
𝐍𝐮(𝐍𝐯−𝟏) ∑ 𝐍𝐮𝛔𝐮,𝐣

𝟐
𝐌𝐮

𝐣=𝟏

𝐍𝐯(𝐍𝐮−𝟏) ∑ 𝐍𝐯𝛔𝐯,𝐣
𝟐

𝐌𝐯

𝐣=𝟏

               (6) 

 

Nu and Nv stand for observations number. Mu and Mv are the sub-regions numbers, 

∑ 𝑵𝒖𝝈𝒖,𝒋
𝟐

𝑴𝒖

𝒋=𝟏
  and ∑ 𝑵𝒗𝝈𝒗,𝒋

𝟐
𝑴𝒗

𝒋=𝟏
 are variance sums within sub-regions of variables u and 

v. As a result, with a given significance level, the null hypothesis.     

𝐇𝟎 = ∑ 𝑵𝒖𝝈𝒖,𝒋 
𝟐

𝑴𝒖

𝒋=𝟏
= ∑ 𝑵𝒗𝝈𝒗,𝒋

𝟐
𝑴𝒗

𝒋=𝟏
  can be tested with the F-distribution table. 

The systematic computation and visualization of the optimal geographical detector model 

can be executed in R using the GD software package. An extended presentation of the 

package can be found in R Documentation.  

1.3.4. Interactive factor 

Many factors influence the spatial heterogeneity of Y. The interaction between every two 

factors may enhance, weaken, or stay intact based on the spatial heterogeneity of Y [59]. 

For instance, the power of the determinant of factors Xi and Xj toward Y were calculated, 
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then Xi and Xj overlaid to form a new stratum. Figures 4 and 5 show that the newly formed 

stratum allows the determination of PD of interaction between Xi and Xj. The assessment 

of the interactive influence between the two factors is illustrated in Table 1. A thorough 

description of GeoDetector software and its operating mode can be found in [94]. 

 

Figure 4 The basic concept of Geographic Detector: The strata of Y were formed by laying Y over X; the PD interval varies from [0,1], and the 

PD reflects X's influence on Y's spatial heterogeneity. The larger the PD is, the more significant the Impact of X is [80]. 

 

Figure 5 Detection of interaction between different factors. [80] 

Table 1 Interaction relationship between two variables and their impact categories. Min(PD(Xi), PD(Xj)) is the minimum of PD(Xi) and PD(Xj), 

while Max(PD(Xi), PD (Xj)) is the maximum of PD(Xi) and PD(Xj) [95].  

Demonstration of interaction relationship Factor interaction type 

PD (Xi ∩ Xj) < Min (PD (Xi), PD (Xj)) The factors weakened & non-linear 

Min (PD (Xi), PD (Xj)) < PD (Xi ∩ Xj) < Max (PD (Xi)), PD (Xj)) The factors weakened & univariate 

PD (Xi ∩ Xj) > Max (PD(Xi), PD (Xj)) The factors enhanced & bivariate 

PD (Xi ∩ Xj) = PD (Xi) + PD (Xj) The factors are independent 

PD (XiXj) > PD (Xi) + PD (Xj) The factors are enhanced & non-linear 

Table 2 Summary for conceptual basis of Geographic Detectors [92]. 

Type of Detector Conceptual explanation 
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Factor detector This method used the Power Determinant (PD) to evaluate the Impact of Land-cover, DEM, Soil 

salinization, Land surface temperature, water buffer, and road buffer on the spatial distribution of 

FVC. In addition, F-test was performed to determine whether each subregion's accumulated vari-

ance differed significantly from the variance of the whole region. 

Risk detector It compares the difference in average FVC between subregions strata. 

The t-tests were used to identify whether the FVC among different sub-regions is significantly dif-

ferent. 

Ecological detector It evaluates whether the impact of environmental and human factors on FVC is significantly dif-

ferent. The F-test was applied to compare the variance calculated in the subregion attributed to 

one triggering factor with the variance attributed to another. 

Interaction detector It evaluates the combined impact of two factors on desertification and their respective independ-

ent contribution. In addition, it assesses whether the combined factors weaken or enhance each 

other or independently influence desertification magnitude. 

The process comprises seven parts: Enhance, Enhance-bi, Enhance-nonlinear, Weaken, Weaken-

uni, Weaken-nonlinear, and Independent. 

1.4. Grading standards for desertification 

Many studies have investigated the link between desertification and vegetation density 

loss, proving that the less Land is covered by vegetation, the more its susceptibility to 

desertification [96]. Thus, spectral indices such as the Normalized Difference Vegetation 

Index (NDVI), Leaf Area Index (LAI), Modified Soil Adjusted Vegetation Index (MSAVI), 

Net Primary Productivity (NPP), Vegetation Rain Use Efficiency (RUE), Fractional Vege-

tation Cover (FVC), and some others used in Remote Sensing based approaches for as-

sessing land degradation and desertification and land degradation in general [97]. Among 

these indices, FVC represents a key phenotypic parameter in agriculture, forestry, and 

ecology in particular [98], which justifies why the fractional vegetation cover is more effi-

cient for quantitative analysis of land degradation degree in this study, assuming that the 

smaller the mean annual FVC, higher is desertification vulnerability, and vice versa [99]. 

A cloud-free mosaic of Landsat 8 TOA collection images was acquired and used to calcu-

late the mean annual NDVI on the GEE environment cloud. The extraction of growing 

season mean FVC was performed to minimize errors caused by bare Land and extremely 

vegetated zones [100]. The FVC was determined using equation (7). 

FVC =
(NDVI−NDVIsoil)

(NDVIveg−NDVIsoil)
                (7) 
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NDVI soil is the NDVI of the bare Land with a value of 0.05 in arid zones, usually consisting 

of sparse shrubland and pure barren Land. NDVI veg stands for the NDVI in pure vegeta-

tion, roughly estimated to be 0.6 in arid zones [101]. Grading the desertification follows 

the previous study standards [95, 102]. Detailed information is presented in Table 3.  

Table 3 Classification of desertification degree in the Shiyang River basin 

Intensity FVC 

Range 

Surface feature characteristics 

No desertification > 0.5 Grassland, farmland, forest. 

Slight desertification 0.4−0.5 Meadow, grassland, farmland 

Moderate desertification 02−0.4 Less dense vegetation 

Severe desertification 0.1−0.2 Patches of vegetation across sandy and saline lands 

Very severe degraded < 0.1 Shifting sand, sandy gravy land, salt scald, and bare 

lands 

3. Results  

3.1. Spatial distribution of desertification and land cover dynamics in the Shiyang 

River Basin 

Figure 6 shows desertification's spatial distribution in the Shiyang River Basin based on 

mean annual fractional vegetation cover. Higher values were recorded in the alpine forest 

and meadow at the top of the Qilian mountains, which gradually decreased in the sub-

alpine shrub vegetation zone along the mountain ridge towards the basin's middle reach. 

FVC ranges between 0.1 and 0.2 in steppe vegetation, covering parts of mountainous areas 

in the upper reach and some parts of the middle and lower reach. Farmland areas in Gu-

lang, Lianzhong, Wuwei, Yongchang districts, and Minqin had FVC values greater than 

0.4. Regarding desertification levels, 20.99% are extremely desertified, 34.45% are severely 

desertified, 12.05% are moderately desertified, 21.92% are slightly desertified, and only 

9.35% are not desertified. 
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Figure 6 Spatial distribution of desertification levels in the Shiyang River basin. 

3.2. Quantitative analysis of factors governing the ecological status and dynamics in 

the Shiyang River Basin 

As shown in Fig 7, the analysis of power determinant (PD) values of all studied driving 

factors ranged between 0.004 and 0.270. Elevation and soil types had the highest contrib-

uting factors with PD values of 0.270 and 0.227, whereas precipitation, soil salinity, buffer 

to the waterway, and wind velocity played a moderate role with PD values of 0.146, 0.117, 

0.107, and 0.071. On the other hand, near-surface air temperature, road buffer, and land 

cover dynamics exhibited lower Impact with PD values of 0.028, 0.013, and 0.004. In most 

cases, investigating the interactive effects of driving factors resulted in a mutual or non-

linear enhancement of PD values interaction between elevation and soil salinity was the 

highest with a value of 0.3513. More importantly, there was an apparent mutual enhance-

ment between elevation and soil salinity, precipitation, soil types, and wind velocity with 

values of 0.3513, 0.3232, 0.3204, and 0.2981. In addition, there was also a mutual enhance-

ment in soil salinity with soil types, water buffers, wind velocity, and near-surface air 

temperature with values of 0.2962, 0.1924, 0.1881, and 0.1586. 
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Figure 7 Geographical detector-based explanatory variables of driving factors of desertification in the Shiyang River basin: Contribution of a single 

variable on FVC changes investigated by factor detector. 

3.3. Environmental risk detection of desertification in the Shiyang River Basin 

Fig 8 illustrates that the risk detector results highlight the linear or non-linear change 

among strata. For example, waterway buffers and elevation influence on NDVI variance 

followed a linear pattern. There is a clear relationship between vegetation change dynam-

ics, elevation gradient, and distance to the waterway. Temperature, precipitation, and soil 

salinity also followed the same pattern but with some minor exceptions that may be re-

lated to irrigation activities in lower reaches. Grey-brown and chestnut calcareous soil in 

Qilian Mountains grassland zones were the most susceptible to change, followed by cher-

nozem, felty soil, and permafrost, all located in Qilian Mountains meadow vegetation. A 

remarkable variance in permafrost and irrigated sandy soil indicated that glacier thaw 

impacted soil conditions in the upper reaches and water resources availability in the lower 

reaches. No apparent patterns existed between vegetation dynamics, wind velocity, and 

road buffers.  
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Figure 8 Influence of factors' different strata on the magnitude of the increase in the NDVI coefficient of variation (L: Low, M: Moderate, Dev: 

Severe, ES: Extremely Severe, A.Sandy soil: Aeolian sandy soil, GB soil: Grey-brown soil, GD soil: Grey-desert soil, Irr soil: Irrigated desert soil 

3.4. Interaction between ecosystem's driving factors in the Shiyang River basin 

 

Table 4 and Fig 9 illustrate the evaluation of the interaction between factors of desertifica-

tion in the Shiyang River Basin. As emphasized in previous studies, this kind of interac-

tion is not a simple linear summation, yet it evaluates whether two influencing factors are 

independent or either enhance or weaken each other. Most driving factors enhanced each 

other, meaning the interactive PD values resulted in a higher value than a single factor. 

For example, a non-linear enhancement was observed between Elevation and near-surface 

air temperature, Elevation and Land cover dynamics, soil types and near-surface air tem-

perature,  land cover dynamics and soil types, precipitation and near-surface air temper-

ature, precipitation and wind velocity, and between land cover dynamics and precipita-

tion. Their values are 0.3116, 0.2759, 0.2687, 0.234, 0.2248, 0.223, and 0.1544. The fact that 
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some factors enhanced each other and others had a non-linear enhancement among stud-

ied driving factors implies that a single driving factor can not define or justify the status 

and dynamics of ecological functioning in the Shiyang River Basin. 

 

Table 4 Correlation matrix for interaction detector obtained from a geographical detector-based explanatory variable (Wind. V = wind velocity, 

B.water= waterway buffers, Temp= near-surface air temperature, ST= soil type, SS= soil salinity, Prec= precipitation, LC.dyn= land cover 

change, Elv= Elevation) 

 
Wind.V B.water Temp ST SS Prec LC.dyn Elv 

B.water 0.1517 
       

Temp 0.1143 0.1455 
      

ST 0.265 0.2513 0.2687 
     

SS 0.1881 0.1924 0.1586 0.2962 
    

Prec 0.223 0.2113 0.2248 0.2748 0.2431 
   

LC.dyn 0.0776 0.1126 0.038 0.234 0.1208 0.1544 
  

Elv 0.2981 0.2889 0.3116 0.3204 0.3513 0.3232 0.2759 
 

B.Roads 0.0859 0.1115 0.0484 0.235 0.1254 0.1654 0.0186 0.2762 
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Figure 9 Interaction detector obtained between explanatory variables 

4. Discussion:  Understanding factors' interaction effect on desertification in the 

Shiyang River Basin 

Many studies have addressed natural and anthropogenic factors' role in land degradation 

or recovery, particularly in dryland zones[50, 52, 102]. Previous research have applied GIS 

techniques to analyze the spatiotemporal dynamics of desertification in the Shiyang River 

Basin and they highlighted the leading driving causes, such as climatic fluctuation, soil 

salinization, and water resources overexploitation [47, 79, 103, 104]. However, the quanti-

tative analysis of desertification driving factors and understanding their relative contri-

bution, separately or combined, is still an unresolved problem. Therefore, as shown in Fig 

2, this study discusses and provides a scientific basis for understanding the relative im-

portance and interaction between factors towards desertification. Fig 7 also illustrates the 

contribution of each factor where PD values varied as follows in decreasing order: Eleva-

tion > soil types > soil salinity > wind velocity > temperature > precipitation > waterway 

buffers > road buffers > and land cover dynamics.  

Elevation gradient plays a key factor for both climate and vegetation spatial heterogeneity 

across the Shiyang River Basin, Fig 8. Research revealed that the upstream receives suffi-

cient water resources from precipitation and glacier thaw, rendering this sub-region suit-

able for forest and grassland growth[105]. In addition, the gradient increase in tempera-

ture and evaporation, along with a decrease in rainfall, triggers gradual vegetation covers 

decline from upstream to lower reaches, rendering the extension of barren Land in lower 
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reaches [22, 106]. This corroborates the current spatial distribution of desertification levels 

across the Shiyang River Basin Fig 6, where around 55% of the area of interest is under 

severe desertification risk, primarily in the basin's middle and lower reaches. However, 

for the past few decades, anthropogenic activities, namely watershed management and 

ecological restoration projects through sand fixation projects, have significantly impacted 

the hydrological regime and spatial distribution of vegetation in the middle and lower 

reaches[25, 107-109]. As a result, contrarily to the upper areas of the Qilian mountains, 

vegetation greening patterns depend more on human activities than natural phenomena, 

as confirmed by recent research [108, 110]. In addition, this suggests that topographic 

landforms and climate play a significant role in developing geomorphic features in the 

Shiyang River Basin. Similar findings corroborate previous studies on desertification, ae-

olian processes, and landforms' response to climate change [96, 111-122]. 

Besides natural phenomena, anthropogenic activities may worsen or improve the ecosys-

tem, particularly in Drylands. For example, overexploitation of water resources, uncon-

ventional mining activities, overgrazing, and many others trigger land degradation, such 

as soil salinization and desertification in arid and semi-arid regions[123-127]. As shown 

in Fig 7& 8, soil salinization is one of the leading factors of ecological status in the Shiyang 

River basin, and its effects on vegetation health were proportional to salt concentration in 

the soil. These results corroborate previous findings highlighting that soil salinization de-

teriorated environmental conditions in the Shiyang River Basin, especially in the Minqin 

oasis[128, 129]. In addition, Optimizing water resources in densely populated zones is 

challenging for scientists, communities, and policymakers, especially in arid and semi-

arid regions [130]. For example, several studies conducted in the Shiyang River basin 

raised concerns about the correlation between population pressure and water resources 

shortage as the center of desert expansion in the Shiyang River basin[47, 71, 131, 132]. 

However, by analyzing road networks and waterway buffers as a proxy for population 

and water use in the Shiyang River basin, the closer the distance to the waterway, the 

lower the land degradation risk, Fig 8. 

Moreover, there are no clear patterns for road buffers to determine the general trend, 

which implies that population density and settlement systems do not disturb the ecosys-

tem in the area of interest (Fig 7 & 8). The implication of such results for waterways and 

road buffers is the irrefutable hypothesis stipulating that ecological deterioration in the 

Shiyang River basin is no longer related to the human mismanagement of natural re-

sources. As shown in Fig 8, land cover dynamics reveal that desertification is still persis-

tent despite a crucial role played by existing land restoration and watershed management 

in the Shiyang River Basin. These findings corroborate previous studies emphasizing re-

markable gradual ecosystem stability and recovery in the Shiyang River basin during the 

past few decades despite the odds of climate change, aeolian erosion, some irregularities 

related to anthropogenic activities, and soil salinization [108, 133].  

The linear and mutual enhancement among explanatory variables highlights the uni-

formity of pattern change relative to ecological status, while a non-linear enhancement 

status indicates uncertainties in providing a longstanding view that may rate a specific 

relationship between variables[59]. However, as revealed in previous studies, this rela-

tionship does not necessarily implicit a linear summation or interdependence [134-136]. 

This study revealed that some factors enhanced each other and others had a non-linear 

enhancement among studied driving factors, implying that a single factor can not define 

the status and dynamics of ecological functioning in the Shiyang River Basin. Table 4 & 

Fig 9 illustrate the results of interactions between driving factors. For example, this study 

showed an apparent linear and mutual enhancement between elevation and soil salinity, 

elevation~ precipitation, and elevation~soil types, and a mutual enhancement between 

soil salinity and soil types. On the other hand, a non-linear enhancement was observed 

between Elevation and near-surface air temperature, Elevation and Land cover dynamics, 
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soil types and near-surface air temperature, land cover dynamics and soil types, precipi-

tation and near-surface air temperature, precipitation, and wind velocity, and between 

land cover dynamics and precipitation. This is irrefutable evidence that natural environ-

mental factors may currently be the primary drivers for ecosystem disturbance in the Shi-

yang River Basin. 

These findings shed light on the status and dynamics of land degradation and recovery's 

main driving factors by highlighting the role of land management, rational water alloca-

tion, and conservation measures to reverse land degradation and maintain a sustainable 

ecosystem despite climate change impacts and water resources shortage in the Shiyang 

river basin. In addition, by combining human and environmental factors, this research 

provides scientific evidence of the efficacy of established policies toward reaching LDN 

and is a cornerstone for future policy on ecological restoration under various natural and 

anthropogenic scenarios.  

5. Conclusions and Prospects 

This study used the FVC-based classification method to map desertification spatial heter-

ogeneity across the Shiyang River Basin. In addition, the Geodetector was applied to an-

alyze each desertification driving force's contribution quantitatively. The research com-

bined CV as the dependent variable and multiple environmental and human factors as 

independent variables.  

The findings showed that elevation gradient, soil types, soil salinity, and precipitation 

play a core role in desertification status and spatial heterogeneity across the Shiyang River 

Basin. Furthermore, this research revealed that some environmental factors boosted each 

other. In contrast, others had a non-linear enhancement among studied driving factors, 

implying that a single parameter can not define the status and dynamics of ecological 

functioning in the region of interest. This study also demonstrated irrefutable evidence 

that environmental factors might be the primary drivers for ecosystem disturbance in the 

Shiyang River Basin and highlighted the role of the established ecosystem rehabilitation 

policies toward reaching land degradation neutrality as planned. In addition, this research 

suggests a more advanced eco-environmental protection system against long-term natural 

factors hindering existing ecosystem restoration, including soil salinization and aeolian 

erosion, particularly in oasis areas. Moreover, this study is the basis for the environmental 

footprint of desertification status and a cornerstone for future policy on ecological resto-

ration sustainability in the Shiyang River Basin. 

Although Geographical Detector Model is a robust and reliable approach to the quanti-

tative evaluation of drivers and mechanisms of desertification, the model would per-

form better if more data, including population density, livestock, and carbon footprint, 

were included; therefore, future studies should consider this remark. 
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