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Abstract
Wetlands are precious natural resources with huge ecosystem services value behind them. Understanding the temporal and spatial variation of wetland ecosystem services value and its driving forces is essential for sustainable development and human well-being. Taking the Yellow River Delta as an example, this article calculated ecosystem services values based on equivalent factor method from 2000 to 2020 and analyzed the spatiotemporal characteristics of ecosystem services value by spatial statistics analysis; used Geodetector to detect and interact with the driving factors. The results show the following: (1) The reduction of wetland area directly caused the reduction of ecosystem services value, and the distribution of ecosystem services value in the wetland area shows agglomeration phenomenon. (2) NDVI, GDP and humidity were the main driving factors affecting the change of ecosystem services value, while elevation, slope and aspect had little effect. (3) The main factors affecting the ecosystem services value are all related to vegetation. (4) When temperature, NDVI, precipitation, humidity, GDP and population density interacted, they had a greater effect on ESV than when they acted alone. Our research results can provide reference information for the world's delta regions and provide scientific advice for ecological environment governance to promote the healthy development of the ecological environment.
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1. Introduction
Wetland ecosystems are one of the three major ecosystems on Earth and are known as the 'kidneys of the planet'. Wetlands provide a wealth of resources for human society, including climate regulation, water retention, purification, soil conservation, food supply, recreation and cultural heritage (Belyaev et al., 2022; McInnes and Everard, 2017). At the same time wetlands are being transformed directly into urban land, agricultural land, industrial land, etc. to achieve rapid economic growth. These ESs (Ecosystem Services) outputs make the proper functioning of human society dependent on the stability of wetland ecosystems (Camacho-Valdez et al., 2020; Wondie, 2018). However, social development driven by economic goals has long failed to recognize the value of wetland ecosystem services. Rapid urbanization, industrial pollution (Wang et al., 2012) and extensive reclamation of wetlands have led to a significant reduction in the area of wetlands (Al-Obaid et al., 2017; Asselen et al., 2013; Cui et al., 2018; Li et al., 2014). Between 1970-2015, global wetlands have declined by 35% (Gardner and Finlayson, 2018). Although some countries have taken measures to curb wetland degradation, the results have not been significant (Limaye et al., 2014; Meng et al., 2017). Therefore, carrying out the assessment of wetland ecosystem service value can help enhance society's understanding of wetland value, which is important to curb wetland degradation and promote wetland ecological restoration.
Ecosystem service value assessment is a powerful tool for managing global wetland resources and provides a suitable methodological model for measuring and comparing the various benefits of wetlands (Meng and Dong, 2019). In existing wetland studies, scholars have mostly used the functional value method (Hu et al., 2021; Pirard and Lapeyre, 2014; Wang et al., 2022), the emergy method (Li et al., 2016; Yang et al., 2020; Zhao and Wu, 2015), and the equivalence factor method (Xu and Xiao, 2022; Zhang et al., 2013, 2021) to assess the value of ecosystem services. The functional value method is subdivided into the direct market approach (Thapa, 2020), the alternative market approach (Escobedo et al., 2015) and the simulated market approach (“Valuation of ecosystem functions and services: Dehdez forest in Iran,” n.d.). This method considers more parameters, the calculation process is more complicated, and the evaluation methods and parameter criteria for each service output vary, making it difficult to unify the overall ecosystem service value assessment to a uniform scale (Long et al., 2022). The emergy method can unify the value of ecosystem services that cannot be accounted for by economic values and energy that cannot be compared into energy values for analysis and comparison (Hau and Bakshi, 2004). However, this method is only suitable for evaluating the value of a single service type or the value of a single land type and the calculation process is still complex. The equivalent factor method combines the area of different ecosystem types for calculations with low data requirements and intuitive and easy to use data, making it particularly suitable for ESV assessments of multiple land types at the regional scale (Xie et al., 2015a). Considering that wetland ecosystems are influenced by their own development and the situation of surrounding land use, the equivalent factor method can be used to cover the factors influencing the value of wetlands using correction factors and can provide a uniform standard for valuing various land use types. Therefore, this study uses the equivalent factor approach to assess the value of ecosystem services in the study area from a macro perspective.
ESV changes with the process of continuous interaction between people and nature (Adhya and Banerjee, 2022). To meet the needs of human society and to obtain more targeted outputs of ecosystem services, it is necessary to explore the social and natural drivers that lead to their change (Song et al., 2021). The existing methods for exploring drivers are mainly of two main types, decomposition analysis (Fujii et al., 2017; Xing et al., 2021) and regression analysis (Jianhong et al., 2022; Zhen et al., 2022). The most commonly used method in decomposition analysis is the logarithmic mean divisia index (LMDI) (Zhou et al., 2022). LMDI has the advantage of having no unexplained residuals after decomposing the object, but it is more suitable for analysis scenarios with few parameters of driving factors (Ang, 2005). Regression analysis methods are based on spatial heterogeneity and commonly used methods are Geographically weighted regression (GWR) (Zhu et al., 2020) and Geodetector (He et al., 2022). In brief, GWR is more precise in the detection of single factors and can detect whether the effect of the driver on the dependent variable is positively or negatively correlated. However, spatio-temporal and socio-natural interactions produce complex and multilayered impact factors [39]. The above studies are mostly analyzed at the level of individual factors, which is not conducive to a comprehensive grasp of the driving mechanisms behind value changes. Considering that wetlands are often subject to a combination of human activities and multiple climate change impacts (Dang et al., 2020)，and Geodetector is capable of quantifying single-factor drivers and multi-factor drivers interacting in space and time (Cheng et al., 2022; Long et al., 2022) and can detect a variety of interactions such as linear, nonlinear, multiplicative and additive (Wang and Xu, 2017). Therefore, in this study Georeactor was chosen as the tool to explore the drivers.
Overall, the stability of wetland ecosystems faces serious challenges, and it is important to conduct ESV assessments as well as their probing drivers. The Yellow River Delta, with its active human and social activities such as oil and agriculture, and the large amount of data from various disciplines accumulated by scholars exploring the region over time, makes it an ideal area to explore the mechanisms driving human and natural impacts on ecosystem services (Ren and Walker, 1998). At the same time, the Yellow River Delta region is rich in wetland resources, but under the rapid expansion of human society at the end of the last century, a large number of wetlands have been destroyed and the ecosystem services have undergone major changes. Therefore, the Yellow River Delta was selected as the study area. Specifically, this study first evaluated and analyzed the ESV in the Yellow River Delta using the equivalent factor method and exploratory spatial data analysis. Then the drivers of ESV changes were detected and analyzed using Geodetector. Finally, this study analyzed the spatial and temporal variation characteristics of ESV based on the distribution of wetlands in the Yellow River Delta and revealed the single-factor and two-factor interactive driving mechanisms affecting ESV changes. The purpose of this study is to characterize ESV changes from different perspectives and to identify the most important drivers and their patterns of action under the combined influence of man and nature. Hope the results of this paper will provide scientific references for future research on the drivers of ecosystem services, especially the interaction between multiple factors; and provide policy recommendations for the sustainable development of wetlands and the rational use of ecosystem service values.
2. Methods and Materials 
2.1 Study area
The Yellow River Delta is an alluvial plain formed by the deposition of sediment carried by the Yellow River estuary in the Bohai Sea depression. It is in Dongying City, Shandong Province, China. The Yellow River Delta is rich in land, oil and gas, biological, marine, and warm temperate climate resources (Xu et al., 2019). It has a rare estuarine wetland ecosystem in the world, which is also the most extensive, perfect, and youngest wetland ecosystem in the warm temperate zone in the world. Wetlands are mainly distributed near the estuary of the Yellow River in the east of the Yellow River Delta and in the northern coastal areas. With rich wetland vegetation and aquatic biological resources, excellent breeding, migration and wintering habitats are provided to birds (Xu et al., 2004). Although the Yellow River Delta has experienced economic progress in the recent years (Wang et al., 2012), under the action of natural factors and human activities, the fragile environment has undergone profound changes (Ren and Walker, 1998). Considering the scope of the study area, this study only uses the data of the Hekou and Kenli districts, while the Lijin district accounts for a relatively small area, and its impact is negligible (Fig 1) . 
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[bookmark: _Ref117233760]Fig 1. Geographical Location of the Modern Yellow River Delta.

2.2 Methodology
First, the changes of ESV in Yellow River Delta were explored based on the land-use change and the annual value of unit area. Second, the exploratory spatial data analysis (ESDA) was used to explore whether ESV has spatial agglomeration. Third, Geodetector was used to explore the driving factors influencing the ESV and further reveal the mechanism of driving factors. Finally, recommendations for ecological management are presented according to the results.

2.2.1 Estimation of ESV
The equivalent coefficient of ESV per unit area is the basis for assessing the ESV of a regional ecosystem (Hu et al., 2019). Xie et al. (Xie et al., 2008) improved the assessment method proposed by Costanza (Costanza et al., 1997) and obtained a new system for assessing ESV based on 700 expert questionnaires. However, with the deepening of research, scholars have found that the ESV is different at different regional scales. The space-time difference needs to be eliminated to ensure the accuracy of ESV. Therefore, Xie et al. (Xie et al., 2015) took the net profit of food production per unit area in farmland ecosystem as a standard value of an equivalent factor. The food production per unit area in farmland is calculated mainly by three grains: rice, wheat and corn.
Its calculation equation is as follows:
	 
[bookmark: _Ref117235146]		(1)
Where:  represents the ESV with a standard equivalent factor [Yuan/hm2] (Yuan is the unit of RMB); 、and represent the sown area of rice, wheat and corn as a percentage of the total sown area of the three crops [%]; 、and represent the national average net profit per unit area of rice, wheat and corn [Yuan/hm2]. The price level has been unified until 2020. The net profit per unit area of grain is the average level from 2011 to 2020; After calculating the ESV for one standard equivalent factor for each year between 2000 and 2020, take the average to get the final result.

2.2.2 Spatial statistics analysis
ESDA is a collection of techniques to describe and visualize spatial distributions, identify atypical locations or spatial outliers, discover patterns of spatial association, clusters, or hot spots. The core is to measure and test spatial convergence or heterogeneity through global spatial autocorrelation and local spatial autocorrelation (Anselin et al., 2007). Usually, there are two indictors to describe the spatial characters: the global Moran index and the local Moran index. The global Moran index of a region will be determined first, and the global Moran index illustrates whether there are clusters or outliers in the space. If there is global autocorrelation, and then the local autocorrelation analysis will be determined and shows where outliers or clusters appear.
(1) Global Spatial Autocorrelation
Global spatial autocorrelation (Global Moran’s I) reflects whether there is spatial clustering of a certain attribute value in the entire study area. It is defined as: 

	(2)
Where: is the Moran’s I index; is the is the number of spatial units indexed by and ;  and is the variable of interest; is the mean of ; is a matrix of spatial weights with zeroes on the diagonal.
(2) Local Spatial Autocorrelation
The conception of local spatial autocorrelation (Local Moran’s I) was proposed by Anselin (Anselin, 1995). It is used to observe the local imbalance in space and identify the spatial correlation and spatial heterogeneity existing in the local area. Local Moran’s I can be displayed by Local Indicators of Spatial Association (LISA), Moran scatter plot, and significance indicator. It is defined as: 

[bookmark: _Ref117235177]	(3)
Where:

is the local Moran index of region ; Other symbols have the same meaning as equation (3).
At 1kmⅹ1km grid scale, the ESV was divided into five types: (1) Not significant: The grid has no significant features; (2) High-High: Both the grid itself and its surrounding grids have high ESV; (3) Low-Low: Both the grid itself and its surrounding grids have low ESV; (4) Low-High: The ESV of the grid itself is low, but the ESV of its surrounding grids is high; (5) High-Low: The ESV of the grid itself is high, but the ESV of its surrounding grids is low.

2.2.3 Driver detection and interaction analysis
Geodetector is a statistical method to detect spatial heterogeneity and reveal the driving forces behind it. Using Geodetector to quantitatively explain the driving factors, including factor detection and interaction detection.
(1) Differentiation and factor detection
Detection of the spatial differentiation of Y (changes of ESV); and detection of the explanatory power of each driving factor  on the spatial differentiation of the dependent variable Y. Measured by  (Jianhong et al., 2022),
The equation is as follows:

	(4)
Where:  is the degree to which factor  explains the spatial heterogeneity of Y, , the larger the  value, the stronger the spatial differentiation of Y; If it is caused by the driving factor , the larger the q value, the stronger the explanatory power of the driving factor  on the dependent variable Y; and vice versa, the weaker. Usually, when the  value is greater than 0.1, it has a strong explanatory power. Conversely, if the  value is less than 0.1, it has a less explanatory. A  value of 1 indicates that driver  completely controls Y, and a  value of 0 indicates that driver  has no relationship with Y. H=1,2,3... is the classification of variable Y or driver X, and  represent the number of samples of the driver  in the classification  and the whole area, respectively.  and  are the variance of the driver factor X in the layer classification h and the Y value of the whole region, respectively.
(2)Interaction analysis
[bookmark: _Hlk117088952]Identifying the interaction between different risk factors  and , is to assess whether factors  and  act together to increase or decrease the explanatory power of the dependent variable Y, or whether the effects of these factors on Y are independent of each other (Wang et al., 2010). First calculate  and  separately, then calculate the explanatory force  when  interacts with , and finally compare the size relationship of ,  and , analyze the interaction type between  and . Five results of interaction detect are illustrated in Table 1 & Table 2.

[bookmark: _Ref117232777]Table 1. Type of interaction of two factors (X1 & X2) on changes of ESV in Yellow River Delta.
	Graphical representation
	Description
	Interaction

	
	＜Min(q(), q())
	Nonlinear reduction

	
	Min(q(), q()) ＜＜Max(q(), q())
	Single-factor nonlinearity reduction

	
	＞Max(q(), q())
	Two-factor enhancement

	
	＝
	Independent

	
	＞
	Nonlinear enhancement



[bookmark: _Ref117232786]Table 2. The meaning of the symbols in Table 1.
	    Symbol
	Meaning

	
	

	
	Min(q(), q())

	
	Max(q(), q())

	
	



2.3 Data sources 
In this article, the land use data was obtained by analyzing the satellite remote sensing images and used socio-economic data to calculate the Equivalent Factor Table. Physical geographic data and socio-economic data were collected to analyze the driving factors.
The satellite remote sensing image data used in this study comes from the United States Geological Survey (https://earthexplorer.usgs.gov/). Satellite remote sensing images are all from the Landsat series. The image data for 2000-2010 comes from Landsat 4-5 TM; the image data for 2010-2020 comes from Landsat 8 OLI. With reference to the characteristics of the study area, the land use types in the study area are divided into 8 categories: farmland, forest land, grassland, water, wetland, salt field, aquaculture pond, and construction land. Land use/land cover change (LUCC) data from 2000 to 2020 were obtained with the help of ENVI 5.1 software for supervised classification. The grain output, planting area and prices of the rice, wheat and corn come from Dongying Bureau of Statistics (http://dystjj.dongying.gov.cn/), and China National Bureau of Statistics (http://www.stats.gov.cn/). The driving factors in this study are divided into two categories: natural driving factors and socioeconomic driving factors (Table 3). The nature driving factors contains elevation, slope, aspect, NDVI, temperature, precipitation and humidity. Socioeconomic drivers include per capital GDP, population density. The elevation data comes from the Geospatial Data Cloud (http://www.gscloud.cn/). The slope and aspect data are obtained after processing by ArcGIS; NVDI, per capital GDP and population density data are all derived from Resource and Environment Science and Data Center (https://www.resdc.cn/). Temperature, precipitation and humidity data are all derived from National Earth System Science Data Center, National Science & Technology Infrastructure of China (http://www.geodata.cn)
Referring to the classification of driving factors by CAO et al. (Cao et al., 2013), combined with the actual situation of the Yellow River Delta, this study included the elevation, slope, annual average temperature, NDVI, humidity among the driving factors, GDP per capita and population density are divided into 8 categories according to the natural discontinuity classification method. The aspect is divided into 9 categories according to the equidistant method. Due to the lack of data in 2020, four years were selected for factor detection, which are 2000, 2005, 2010 and 2015.

[bookmark: _Ref117235359]Table 3. Driving Factors influencing ESV changes in the Yellow River Delta region.
	Pattern
	Variable
	Symbol

	Nature
	Elevation
	X1

	
	Slope
	X2

	
	Aspect
	X3

	
	Temperature
	X4

	
	NDVI
	X5

	
	Precipitation
	X6

	
	Humidity
	X7

	Socioeconomic
	Per capital GDP
	X8

	
	Population density
	X9



3.Results
3.1 Analysis of the spatiotemporal variation characteristics of ESV
3.1.1 Analysis of ESV Changes Based on LUCC Transfer Matrix
The LUCC maps (Fig 2) of Yellow River Delta between 2000 and 2020 were obtained by using the Supervised Classification method based on ENVI software. The LUCC transition matrices were calculated and displayed in the flow diagram form (Fig 3) and they can illustrate the flow of different land types.
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[bookmark: _Ref117233291]Fig 2. Land use in Yellow River Delta between 2000 and 2020.
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[bookmark: _Ref117233302]Fig 3. The flow direction of LUCC in Yellow River Delta between 2000 and 2020.

This study based on the equivalent factor table proposed by Liu et al. (Liu et al., 2020), referring to the evaluation method based on Xie et al. to correct the regional differences. This study did not consider the value of construction land use type. According to equation (1), the  value is 3007.65 Yuan/hm2. Then the equivalent factor table per unit area was built (Table 4). Combining with the land-use data and Table 4, annual ESV of Yellow River Delta between 2000 and 2020 was built (Table 5). Combining all the above information, the following ESV variation characteristics of the Yellow River Delta was obtained:

[bookmark: _Ref117233388]Table 4. Ecosystem services value (ESV) per unit area of ecosystem services of various land use types in the Yellow River Delta.
	
	Ecosystem Services Value（Yuan/hm2）

	
	Farm
	Forest
	Grass
	Water
	Wetland
	Salt field
	Aquaculture pond

	Food production
	3007.65
	992.53
	1293.30
	1594.05
	1082.75
	0.00
	54421.26

	Raw material
	1172.99
	8962.80
	1082.75
	1052.67
	721.84
	49923.53
	0.00

	Gas regulation
	2165.51
	12993.06
	4511.47
	1533.90
	7248.45
	1500.67
	1533.90

	Climate regulation
	2917.42
	12241.14
	4691.94
	6195.76
	40753.69
	0.00
	6195.76

	Waste treatment
	4180.64
	5173.17
	3970.10
	44663.64
	43310.20
	1050.47
	0.00

	Hydrological regulation
	2315.89
	12301.30
	4571.63
	56453.63
	40422.84
	12421.34
	0.00

	Soil conservation
	4421.25
	12090.76
	6737.14
	1233.14
	5985.23
	0.00
	0.00

	Biodiversity
	3067.81
	13564.51
	5624.31
	10316.24
	11098.24
	6903.09
	10316.24

	Aesthetics
	511.30
	6255.92
	2616.66
	13353.97
	14105.89
	6989.44
	6989.44



[bookmark: _Ref117233419]Table 5. ESV of Yellow River Delta between 2000 and 2020 (108 Yuan)
	Year
	Farm
	Forest
	Grass
	Water
	Wetland
	Salt field
	Aquaculture pond
	Sum

	2000
	193.31
	18.79
	318.26
	234.49
	1045.77
	10.35
	96.24
	1917.2

	2005
	252.89
	33.3
	180.25
	289.09
	980.49
	10.84
	158.29
	1905.14

	2010
	254.61
	24.59
	162.33
	350.75
	639.97
	37.29
	297.32
	1766.86

	2015
	236.97
	22.1
	177.89
	278.68
	695.52
	80.16
	294.11
	1785.43

	2020
	207.9
	16.68
	163.58
	382.72
	685.46
	133.1
	273.71
	1863.15



(1) Overall, the ESV of the Yellow River Delta declined. ESV losses in the Yellow River Delta mainly occurred between 2005 and 2010 (a decrease of 138.28ⅹ108 Yuan) and were concentrated in the conversion of wetlands to grasslands, water, salt fields and aquaculture ponds. The wetlands on both sides of the estuary of the Yellow River degraded into grasslands; the erosion of the coastline turned the original coastal wetlands into water bodies. The substantial increase in construction land squeezes the original ecological space. At the same time, under the influence of human activities, many (natural) wetlands transformed into salt fields and aquaculture ponds. The reduction of wetland area resulted in a huge decrease of 340.52ⅹ108 Yuan in ESV. Between 2000 and 2005, the ESV in the Yellow River Delta decreased by 12.06ⅹ108 Yuan, which was mainly reflected in the conversion of grasslands to cultivated land and the conversion of wetlands to aquaculture ponds. The reduction of grassland and wetland area resulted in ESV losses of 138.01ⅹ108 and 65.28ⅹ108 Yuan, respectively.
 (2) Between 2010 and 2020, under the policy background of returning farmland to wetlands and ecological civilization construction, the ESV in the Yellow River Delta was gradually increased, and the area of ​​wetlands was increased, mainly reflected in the conversion of grasslands, water bodies and aquaculture ponds to wetlands. Between 2010 and 2015, the ESV in the Yellow River Delta increased by 55.55ⅹ108 Yuan due to the increase in wetland area. But it is still far smaller than the losses in previous years. It shows that wetlands play a very important role in the change of ESV, but even under the conscious protection of human beings, the situation of wetlands is still not optimistic.
3.1.2 Spatial pattern and differentiation characteristics of ESV
Through the reclassification function of ArcGIS, the ESV of each period is divided into five categories according to the natural discontinuity classification method (Jenks). When ESV∈(0, 306.83] (Unit: 108 Yuan, same below) it is low; when ESV∈ (306.83, 575.66], it is relatively low; when ESV∈ (575.66, 988.82], it is medium; when ESV∈ (988.82, 1415.87], it is high; when ESV∈ (1415.87, +∞] , is high. As can be seen from Fig. 4, the areas of low, high and relatively high ESV areas showed a downward trend; the areas of low and medium ESV showed an increasing trend. The area of the intermediate ESV area changed greatly during the study period. From the analysis, the area of low ESV area accounts for most of the area of the study area; the area of relatively high ESV area has always been smaller than that of other areas. However, it remained stable, and the change of value is only -0.28km2. The area of the middle ESV area changed the most, with an increase of 289.34km2 and a change rate of 73.06%.
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Fig 4. Percentage of ESV area between 2000 and 2015.

To further explore the spatial characteristics of ESVs, this article analyzed the ESVs at the grid scale based on GeoDa software. By analyzing the Fig 5, it can be concluded that: (1) In the eastern and northern parts of the Yellow River Delta, which is the estuary area of the Yellow River and the northern coastal zone, there are large areas of wetlands. These areas are very stable High-High agglomeration area and made a great contribution to the ESV of the Yellow River Delta. In the future, protecting the ecological environment and improving the ESV of the Yellow River Delta, these areas are the focus of governance. (2) Most of the inner area of the Yellow River Delta is a very stable Low-Low agglomeration area. These areas are rich in arable land resources, with grassland and construction land distributed at the same time, which are the core areas of human activities. (3) Low-High and High-Low agglomeration areas are relatively few in Yellow River Delta, they are mainly distributed around the High-High and Low-Low agglomeration areas.
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[bookmark: _Ref117233530]Fig 5. LISA agglomeration maps of ESV in Yellow River Delta

3.2 Driving Factors Analysis
3.2.1 Factor Detection
In the final detection results (Fig 6), except for the elevation, slope and aspect in 2005; slope and aspect in 2010, the remaining detection factors in each year passed the hypothesis test at the significance level of 0.05. From the overall research period, the driving factors that dominate the ESV changes in the Yellow River Delta are different in different periods. The q-values of X5 in 2000 and 2005 were 0.7576 and 0.4231. Explaining that X5 is the absolute dominant factor. Existing research results show that there is a good correlation between NDVI value and ecosystem services value (Shao et al., 2020). Therefore, it shows that the change of ESV in the Yellow River Delta in 2000 was mainly affected by vegetation. The q values of X7 and X8 in 2010 were 0.2328 and 0.2499, which together became the dominant factor affecting the ESV change in the Yellow River Delta in 2010. The q value of X7 in 2015 was 0.7636, makes X7 become the dominant factor; secondly, the q value of X8 is 0.5267, make X8 becoming the second largest driving factor affecting ESV in the Yellow River Delta in 2015. The q values of X4, X6 and X8 are always greater than 0.1. This shows that atmospheric conditions and local economic development have always had a strong explanatory power for the ESV changes in the Yellow River Delta. The q values of X2 and X3 were always less than 0.1 during the study period; the q value of X1 was only slightly greater than 0.1 in 2000. Therefore, the explanatory power of elevation, slope, and aspect to the ESV variation of the Yellow River Delta is not strong, indicating that the ESV variation of the Yellow River Delta is not affected by elevation, slope and aspect during the study period.
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[bookmark: _Ref117233609]Fig 6. Factor detection results: q values for each factor between 2000 to 2015.

3.2.2 Factor Interaction Probe
Through the interactive detection of geographic detectors, the influence of interaction of the two driving factors on the dependent variable Y can be obtained. In the results, the interaction results of all factors in each year are Two-factor enhancement and Nonlinear enhancement, it shows that the explanatory power of the ESV changes in the Yellow River Delta after the interaction of two factors is stronger than that of a single factor. From the data, as shown in Fig 7, in 2000 and 2005, the q value of the interaction between X5 and other factors was the highest in the series (the q value of the interaction between NDVI and other factors in 2000 was greater than 0.7576; The q-values for interactions with other factors were all greater than 0.4231). It shows that when other driving factors interact with NDVI, compared with the independent effect of NDVI, they all have an enhanced explanatory power on the change of ESV in the Yellow River Delta, and confirmed the dominant role of NDVI on the ESV change in the Yellow River Delta in 2000 and 2005 just mentioned above. The q values of X4X6, X4X8, X6X8 in 2010 were 0.3963, 0.4321 and 0.4204, respectively. In 2015, the q values of X7 after interacting with other driving factors were all greater than 0.7636, indicating that other driving factors were interacting with other driving factors. When the humidity interacts, the relative humidity alone can enhance the explanatory power of the ESV variation in the Yellow River Delta.
The interaction results of all factors in 2000 were greater than 0.1, indicating that the ESV change of the Yellow River Delta in 2000 was jointly influenced by nine driving factors: elevation, slope, aspect, NDVI, precipitation, temperature, humidity, per capita GDP and population density. In the three years of 2005, 2010 and 2015, except for X1, X2 and X3, the q value after the interaction between the three driving factors was less than 0.1. In addition, the q values of all the other driving factors including X1, X2 and X3 are greater than 0.1. It shows that the ESV change in the Yellow River Delta is jointly driven by the interaction of these nine driving factors regardless of the period.
[image: ]
[bookmark: _Ref117233711]Fig 7. Interactive probe results in (a) 2000, (b) 2005, (c)2010, (d)2015, respectivly.

4.Discussion 
Currently, China is experiencing a phase of economic contradiction between development and trying to protect the natural environment (Huang et al., 2022). Through the above analysis results, combined with the social and economic impact on the environment, the following thoughts have been raised.
Before 2010, the Yellow River Delta was a typical area of ​​wetland degradation caused by over-cultivation. Human activities continued to squeeze the ecological space. The reduction of wetland area directly caused the decline of ESV in the Yellow River Delta. After 2010, the implementation of a series of comprehensive management and returning farmland to wetlands has improved the wetland loss in Yellow River Delta. The ESV in the Yellow River Delta is also gradually rising. Wetlands are concentrated in the eastern and northern regions of the Yellow River Delta, and in these regions, ESVs are spatially clustered. Between 2000 and 2010, due to human development, the area of ​​construction land and cultivated land increased rapidly, and the wetland area decreased significantly, and this change was reflected in the change of NDVI value. Therefore, NDVI acted as the dominant factor affecting ESV changes during this period. In 2010, GDP was the main driving factor, and GDP reflected the level of local economic development, indicating that the changes in ESV in the Yellow River Delta at this time were mainly affected by social and economic factors, and many wetlands were transformed into salt fields and aquaculture ponds. economic return, but it is a great loss for ecological value. In 2015, humidity was the main driver. Humidity affects the transpiration of plants. Air humidity that is too high or too low can affect the survival of plants, which in turn affects the entire ecosystem. 
When detecting the driving factors, the result shows that NDVI, GDP and humidity are the main driving factors in different years. These three indictors have one thing in common, they can directly or indirectly reflect the situation of the vegetation. NDVI reflects vegetation coverage; GDP represents human activities, which reflects human development and utilization of the natural environment; humidity affects plant transpiration and photosynthesis. These results indicate that vegetation has a very important influence on the changes of ESV.
Furthermore, the effects of drivers are often no single effects, but interact with each other to produce complex outcomes. The interaction results of each factor during the study period were two-factor enhancement and nonlinear enhancement. It means that when  and  interact, the explanatory power is stronger than that of  and  acting on Y respectively.

5.Conclusion& Contribution
Combined with the actual situation of the Yellow River Delta, this article used the modified equivalent factor method to estimate the ESV of the Yellow River Delta from 2000 to 2020 and analyzed its spatial characteristics. And this article identified driving factors and analyzing their interactions based on Geodetector. This paper broke through the previous research mode and analyzed the spatial distribution characteristics of ESV with modified equivalent factor method. In addition, this paper explained the effect on ESV when two different drivers interact with each other based on the factor interaction analysis function of the Geodetector. Finally, the following conclusions are drawn:
 (1) The overall ESV trend in the Yellow River Delta is declining, and the reduction of wetlands has resulted in a substantial decline in ESV; the LISA maps show that the area where wetlands are distributed presents a very stable High-High agglomeration.
(2) The dominant driving factor changed every year, in 2000 and 2005, NDVI was the dominant driving factor; in 2010, GDP was the dominant driving factor; in 2015, humidity was the dominant driving factor. In addition to elevation, slope and aspect, the interaction of other driving factors has a certain explanatory power for the variation of ESV in the Yellow River Delta. Moreover, NDVI, GDP and humidity are all related to vegetation to some extent.
(3) When these six indicators of temperature, NDVI, precipitation, humidity, GDP and population density interacted, they had a greater effect on ESV than when they acted alone. 
There are many tools to assess the value of ecosystem services value and there is a lack of uniformity among different indicators in most of the methods. In order to make the results more scientific, this study used a modified equivalent factor method. For the identification of driving factors, since existing qualitative and quantitative studies lack discussion of the two-factor interactions, to dig deeper into the driver mechanisms and provide recommendations for policy, Geodetector’s interaction analysis was used in this study. However, this paper defined the construction land value estimation as zero, which has certain limitations. On the other hand, due to insufficient data in recent years, the effect of driving factors in recent years cannot be shown. There is a huge ecosystem services value behind the wetland ecosystem. Returning farmland to wetlands and ecological restoration projects have achieved certain results and played a positive role in the growth of regional ESV; however, the loss of ESV caused by wetland degradation and human development in the past was very large, and it was difficult to recover in a short time. How to protect and restore wetlands in the current situation of continuous degradation of wetlands requires scholars to explore together. At the same time, interactions of different drivers can have stronger effects on ESV changes. In the future ecological management, artificially regulating the interaction between various driving factors may be an effective method to improve the efficiency of ecological protection. For example, restricting human activities by controlling the establishment of nature reserves. Without the interference of human activities, vegetation coverage may increase, which in turn will increase ESV. The methods and conclusions in this study are expected to help government to develop policies for sustainable development of wetlands, and provide some reference for future related studies on the drivers affecting ESV.
Acknowledgment
This article was supported by National Key Research and Development Program: 2019YFC0409000.
References
Adhya, T., Banerjee, S., 2022. Impact of Wetland Development and Degradation on the Livelihoods of Wetland-dependent Communities: a Case Study from the Lower Gangetic Floodplains. Wetlands 42, 65. https://doi.org/10.1007/s13157-022-01588-w
Al-Obaid, S., Samraoui, B., Thomas, J., El-Serehy, H.A., Alfarhan, A.H., Schneider, W., O’Connell, M., 2017. An overview of wetlands of Saudi Arabia: Values, threats, and perspectives. Ambio 46, 98–108. https://doi.org/10.1007/s13280-016-0807-4
Ang, B.W., 2005. The LMDI approach to decomposition analysis: a practical guide. Energy Policy 33, 867–871. https://doi.org/10.1016/j.enpol.2003.10.010
Anselin, L., 1995. Local Indicators of Spatial Association—LISA. Geographical Analysis 27, 93–115. https://doi.org/10.1111/j.1538-4632.1995.tb00338.x
Anselin, L., Sridharan, S., Gholston, S., 2007. Using Exploratory Spatial Data Analysis to Leverage Social Indicator Databases: The Discovery of Interesting Patterns. Soc Indic Res 82, 287–309. https://doi.org/10.1007/s11205-006-9034-x
Asselen, S. van, Verburg, P.H., Vermaat, J.E., Janse, J.H., 2013. Drivers of Wetland Conversion: a Global Meta-Analysis. PLoS ONE 8, e81292. https://doi.org/10.1371/journal.pone.0081292
Belyaev, A.I., Pugacheva, A.M., Korneeva, E.A., 2022. Assessment of Ecosystem Services of Wetlands of the Volga–Akhtuba Floodplain. Sustainability 14, 11240. https://doi.org/10.3390/su141811240
Camacho-Valdez, V., Saenz-Arroyo, A., Ghermandi, A., Navarrete-Gutiérrez, D.A., Rodiles-Hernández, R., 2020. Spatial analysis, local people’s perception and economic valuation of wetland ecosystem services in the Usumacinta floodplain, Southern Mexico. PeerJ 8, e8395. https://doi.org/10.7717/peerj.8395
Cao, F., Ge, Y., Wang, J.-F., 2013. Optimal discretization for geographical detectors-based risk assessment. GIScience & Remote Sensing 50, 78–92. https://doi.org/10.1080/15481603.2013.778562
Cheng, W., Shen, B., Xin, X., Gu, Q., Guo, T., 2022. Spatiotemporal Variations of Grassland Ecosystem Service Value and Its Influencing Factors in Inner Mongolia, China. Agronomy 12, 2090. https://doi.org/10.3390/agronomy12092090
Costanza, R., Limburg, K., Naeem, S., O’Neill, R.V., Paruelo, J., Raskin, R.G., Sutton, P., 1997. The value of the world’s ecosystem services and natural capital 387, 8.
Cui, L., Li, G., Ouyang, N., Mu, F., Yan, F., Zhang, Y., Huang, X., 2018. Analyzing Coastal Wetland Degradation and its Key Restoration Technologies in the Coastal Area of Jiangsu, China. Wetlands 38, 525–537. https://doi.org/10.1007/s13157-018-0997-6
Dang, Y., He, H., Zhao, D., Sunde, M., Du, H., 2020. Quantifying the Relative Importance of Climate Change and Human Activities on Selected Wetland Ecosystems in China. Sustainability 12, 912. https://doi.org/10.3390/su12030912
Escobedo, F.J., Adams, D.C., Timilsina, N., 2015. Urban forest structure effects on property value. Ecosystem Services 12, 209–217. https://doi.org/10.1016/j.ecoser.2014.05.002
Fujii, H., Sato, M., Managi, S., 2017. Decomposition Analysis of Forest Ecosystem Services Values. Sustainability 9, 687. https://doi.org/10.3390/su9050687
Gardner, R.C., Finlayson, C., 2018. Global Wetland Outlook: State of the World’s Wetlands and Their Services to People.
Hau, J.L., Bakshi, B.R., 2004. Promise and problems of emergy analysis. Ecological Modelling 178, 215–225. https://doi.org/10.1016/j.ecolmodel.2003.12.016
He, J., Zhao, Y., Wen, C., 2022. Spatiotemporal Variation and Driving Factors of Water Supply Services in the Three Gorges Reservoir Area of China Based on Supply-Demand Balance. Water 14, 2271. https://doi.org/10.3390/w14142271
Hu, M., Li, Z., Wang, Y., Jiao, M., Li, M., Xia, B., 2019. Spatio-temporal changes in ecosystem service value in response to land-use/cover changes in the Pearl River Delta. Resources, Conservation and Recycling 149, 106–114. https://doi.org/10.1016/j.resconrec.2019.05.032
Hu, W., Li, G., Li, Z., 2021. Spatial and temporal evolution characteristics of the water conservation function and its driving factors in regional lake wetlands—Two types of homogeneous lakes as examples. Ecological Indicators 130, 108069. https://doi.org/10.1016/j.ecolind.2021.108069
Huang, L., He, C., Wang, B., 2022. Study on the spatial changes concerning ecosystem services value in Lhasa River Basin, China. Environ Sci Pollut Res 29, 7827–7843. https://doi.org/10.1007/s11356-021-16245-8
Jianhong, D., Zhibin, Z., Benteng, L., Xinhong, Z., Wenbin, Z., Long, C., 2022. Spatiotemporal variations and driving factors of habitat quality in the loess hilly area of the Yellow River Basin: A case study of Lanzhou City, China. Journal of Arid Land 14, 637–652.
Li, B., Yu, Z., Liang, Z., Song, K., Li, H., Wang, Y., Zhang, W., Acharya, K., 2014. Effects of Climate Variations and Human Activities on Runoff in the Zoige Alpine Wetland in the Eastern Edge of the Tibetan Plateau. Journal of Hydrologic Engineering 19, 1026–1035. https://doi.org/10.1061/(ASCE)HE.1943-5584.0000868
Li, M., Yang, W., Sun, T., 2016. Effects of Freshwater Releases on the Delivery of Ecosystem Services in Coastal Wetlands of the Yellow River Delta Using an Improved Input-State-Output Approach. Wetlands 36, 103–112. https://doi.org/10.1007/s13157-015-0630-x
Limaye, R.B., Kumaran, K.P.N., Padmalal, D., 2014. Mangrove habitat dynamics in response to Holocene sea level and climate changes along southwest coast of India. Quaternary International 325, 116–125. https://doi.org/10.1016/j.quaint.2013.12.031
Long, X., Lin, H., An, X., Chen, S., Qi, S., Zhang, M., 2022. Evaluation and analysis of ecosystem service value based on land use/cover change in Dongting Lake wetland. Ecological Indicators 136, 108619. https://doi.org/10.1016/j.ecolind.2022.108619
Liu, Y., Wang, X., Hou, X., Song, B., Li, X., Wang, C., 2020. Land Use Pattern and Evaluation of Ecosystem Service Values of Yellow River Delta for 4 Periods and in 2025 under Simulation Scenarios. Wetland Science 18, 424–436. https://doi.org/10.13248/j.cnki.wetlandsci.2020.04.006
McInnes, R.J., Everard, M., 2017. Rapid Assessment of Wetland Ecosystem Services (RAWES): An example from Colombo, Sri Lanka. Ecosystem Services 25, 89–105. https://doi.org/10.1016/j.ecoser.2017.03.024
Meng, Dong, 2019. LUCC and Ecosystem Service Value Assessment for Wetlands: A Case Study in Nansi Lake, China. Water 11, 1597. https://doi.org/10.3390/w11081597
Meng, W., He, M., Hu, B., Mo, X., Li, H., Liu, B., Wang, Z., 2017. Status of wetlands in China: A review of extent, degradation, issues and recommendations for improvement. Ocean & Coastal Management 146, 50–59. https://doi.org/10.1016/j.ocecoaman.2017.06.003
Pirard, R., Lapeyre, R., 2014. Classifying market-based instruments for ecosystem services: A guide to the literature jungle. Ecosystem Services 9, 106–114. https://doi.org/10.1016/j.ecoser.2014.06.005
Ren, M., Walker, J.H., 1998. ENVIRONMENTAL CONSEQUENCES OF HUMAN ACTIVITY ON THE YELLOW RIVER AND ITS DELTA, CHINA. Physical Geography 19, 421–432. https://doi.org/10.1080/02723646.1998.10642659
Shao, Y., Yuan, X., Ma, C., Ma, R., Ren, Z., 2020. Quantifying the Spatial Association between Land Use Change and Ecosystem Services Value: A Case Study in Xi’an, China. Sustainability 12, 4449. https://doi.org/10.3390/su12114449
Song, F., Su, F., Mi, C., Sun, D., 2021. Analysis of driving forces on wetland ecosystem services value change: A case in Northeast China. Science of The Total Environment 751, 141778. https://doi.org/10.1016/j.scitotenv.2020.141778
Thapa, S., 2020. Valuation of Ecosystem Services from an Important Wetland of Nepal: A Study from Begnas Watershed System 13.
Valuation of ecosystem functions and services: Dehdez forest in Iran, n.d. . JOURNAL OF FOREST RESEARCH 10.
Wang, J., Li, X., Christakos, G., Liao, Y., Zhang, T., Gu, X., Zheng, X., 2010. Geographical Detectors‐Based Health Risk Assessment and its Application in the Neural Tube Defects Study of the Heshun Region, China. International Journal of Geographical Information Science 24, 107–127. https://doi.org/10.1080/13658810802443457
Wang, J., Xu, C., 2017. Geodetector: Principle and prospective. Acta Geographica Sinica 72, 116–134.
Wang, M., Qi, S., Zhang, X., 2012. Wetland loss and degradation in the Yellow River Delta, Shandong Province of China. Environ Earth Sci 67, 185–188. https://doi.org/10.1007/s12665-011-1491-0
Wang, N., Li, X., Tao, W., Wei, J., Huang, H., Wang, P., 2022. A Review of Research on Evaluation of Ecosystem Service Function Value. Journal of Green Science and Technology 24, 44–49. https://doi.org/10.16663/j.cnki.lskj.2022.10.007
Wondie, A., 2018. Ecological conditions and ecosystem services of wetlands in the Lake Tana Area, Ethiopia. Ecohydrology & Hydrobiology 18, 231–244. https://doi.org/10.1016/j.ecohyd.2018.02.002
Xing, L., Zhu, Y., Wang, J., 2021. Spatial spillover effects of urbanization on ecosystem services value in Chinese cities. Ecological Indicators 121, 107028. https://doi.org/10.1016/j.ecolind.2020.107028
Xie, G., Zhen, L., Lu, C., Xiao, Y., Chen, C., 2008. Expert Knowledge Based Valued Method of Ecosystem Services in China. Journal of Natural Resources 911–919.
Xie, G., Zhang, C., Zhang, L., Chen, W., Li, S., 2015. Improvement of the Evaluation Method for Ecosystem Service Value Based on Per Unit Area. Journal of Natural Resources 30, 1243–1254.
Xu, X., Chen, Z., Feng, Z., 2019. From natural driving to artificial intervention: Changes of the Yellow River estuary and delta development. Ocean & Coastal Management 174, 63–70. https://doi.org/10.1016/j.ocecoaman.2019.03.009
Xu, X., Lin, H., Fu, Z., 2004. Probe into the method of regional ecological risk assessment—a case study of wetland in the Yellow River Delta in China. Journal of Environmental Management 70, 253–262. https://doi.org/10.1016/j.jenvman.2003.12.001
Xu, Y., Xiao, F., 2022. Assessing Changes in the Value of Forest Ecosystem Services in Response to Climate Change in China. Sustainability 14, 4773. https://doi.org/10.3390/su14084773
Yang, Q., Liu, G., Giannetti, B.F., Agostinho, F., M.V.B. Almeida, C., Casazza, M., 2020. Emergy-based ecosystem services valuation and classification management applied to China’s grasslands. Ecosystem Services 42, 101073. https://doi.org/10.1016/j.ecoser.2020.101073
Zhang, J.J., Fu, M.C., Zeng, H., Geng, Y.H., Hassani, F.P., 2013. Variations in Ecosystem Service Values and Local Economy in Response to Land Use: A Case Study of Wu’an, China. Land Degradation & Development 24, 236–249. https://doi.org/10.1002/ldr.1120
Zhang, X., He, S., Yang, Y., 2021. Evaluation of wetland ecosystem services value of the yellow river delta. Environ Monit Assess 193, 353. https://doi.org/10.1007/s10661-021-09130-x
Zhao, S., Wu, C., 2015. Valuation of mangrove ecosystem services based on emergy: a case study in China. Int. J. Environ. Sci. Technol. 12, 967–974. https://doi.org/10.1007/s13762-013-0458-y
Zhen, Z., Zhengnan, G., Kehong, H., Yangyang, X., Jinbiao, Z., 2022. Spatial variability between glacier mass balance and environmental factors in the High Mountain Asia. Journal of Arid Land 14, 441–454.
Zhou, S., Ye, J., Li, J., Zhang, G., Duan, Y., 2022. Identifying intrinsic drivers to changes in riparian ecosystem services by using PSR framework: A case study of the Grand Canal in Jiangsu, China. Environmental Development 43, 100728. https://doi.org/10.1016/j.envdev.2022.100728
Zhu, Z., Li, B., Zhao, Y., Zhao, Z., Chen, L., 2020. Socio-Economic Impact Mechanism of Ecosystem Services Value, a PCA-GWR Approach. Pol. J. Environ. Stud. 30, 977–986. https://doi.org/10.15244/pjoes/120774




image2.emf
±

a. 2000 b. 2005 c. 2010

d. 2015 e. 2020

0 25 Miles

Legend

Farmland

Forest

Grass

Water

Wetland

Salt field

Aquaculture pond

Consturction


image3.emf
Grass

Grass

Wetland

Wetland

Farmland

Farmland

Forest

Forest

Construction

Construction

Water

Water

Aquaculture pond

Aquaculture pond

Salt field

Salt field

2000 2005

(a)

Grass

Wetland

Farmland

Forest

Construction

Water

Aquaculture pond

Salt field

Grass

Wetland

Farmland

Forest

Construction

Water

Aquaculture pond

Salt field

2005 2010

(b)

Grass

Wetland

Farmland

Forest

Construction

Water

Aquaculture pond

Salt field

2010

Grass

Wetland

Farmland

Forest

Construction

Water

Aquaculture pond

Salt field

2015

(c)

Grass

Farmland

Forest

Construction

Water

Aquaculture pond

Salt field

Grass

Wetland

Farmland

Forest

Construction

Water

Aquaculture pond

Salt field

2015

2020

(d)

Wetland


image4.tiff
Percentage (%)

100

80

60

40

20

0

2000

10% High

S S I Relatively high
- [ Medium
[ Relatively low
B Low

2005

2010

2015 Date (years)




image5.tif
o~

N

Legend A

Not significant
B o -High
- Low-Low
e Low-High
[ |High-Low

0 25 Miles
e — |





image6.tiff
q Value

2000

2005

2010

2015

I x1
B X2
I x3
[ x4
[ x5
[ x6
. x7
N <3
I X9

Date (years)




image7.emf
X1 X2 X3 X4 X5 X6 X7 X8 X9

X1

X2

X3

X4

X5

X6

X7

X8

X9

(d)

0.01

0.18

0.36

0.53

0.71

0.88

X1 X2 X3 X4 X5 X6 X7 X8 X9

X1

X2

X3

X4

X5

X6

X7

X8

X9

(c)

0.01

0.09

0.18

0.26

0.35

0.43

X1 X2 X3 X4 X5 X6 X7 X8 X9

X1

X2

X3

X4

X5

X6

X7

X8

X9

(b)

0.00

0.10

0.20

0.30

0.40

0.50

X1 X2 X3 X4 X5 X6 X7 X8 X9

X1

X2

X3

X4

X5

X6

X7

X8

X9

(a)

0.06

0.21

0.35

0.50

0.64

0.79


image1.png
90"0;0"}_' lOO“IO'O"E llO”(I)'U"E lZO“O'O"E 130°0'0"E

N o)
40°0'0"N+ A [40°0'0"N
T § E

35°0'0"NA z [35°0'0"N

< ’5\

.Y \
T 7 T
90°0'0"E 110°00"E 120°0'0"C 130°0'0"E
118°30E 118°45'E 119°0'E 119°15'E 119°30'E
115‘°D'E IZO.”D'E

z

“Bohai Seq

38°0'N

N
Z| A E\J Bohai Sea
z
=] Yellow Sea
)
S 37°45'N

34°0N

37°30N
Remote Sensing Image
Yellow River

[ shandong Province
Dongying City

1 Yellow River Delta





