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[bookmark: OLE_LINK6]Abstract
[bookmark: _Hlk170595233][bookmark: _Hlk170582439][bookmark: _Hlk170585666][bookmark: _Hlk172494055][bookmark: _Hlk170595270][bookmark: _Hlk172493855][bookmark: _Hlk172494119][bookmark: _Hlk172493886][bookmark: _Hlk172494135]Achieving sustainable development goal (SDG) 15 (life on land) depends on local conservation efforts. However, the lack of species data and inadequate ecological corridor designs significantly hinder conservation efficiency. This study focused on Sanmenxia City in China and utilized the Integrated Valuation of Ecosystem Services and Trade-offs model, the GeoDetector model, and the Minimum Cumulative Resistance model to identify potential habitats, their influencing factors, and ecological corridors. We then adopted a new corridor feasibility model to compare the impacts of different ecological resistance, thereby identifying key biodiversity spaces. Results indicated a decline in habitat quality since 2000, primarily influenced by climate, topography, and land use. Simulation-derived corridors using the habitat quality method were more effective than those based on expert experience. We identified 2808.45 km² of potential habitats and 20 critical corridors for land animals. This study deepens the understanding of ecological resistance impacts on corridors and provides new insights into local actions for SDG 15.
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[bookmark: _Hlk170596212][bookmark: _Hlk170596306][bookmark: _Hlk72592361]1. Introduction
The sustainable development goals (SDGs), the Paris Agreement on Climate Change, and the Kunming-Montreal Global Biodiversity Framework (GBF) have underscored the critical importance of biodiversity conservation. However, approximately 25% of global species have been threatened (Intergovernmental Science-Policy Platform on Biodiversity and Ecosystem Services (IPBES), 2019), and none of the Aichi Biodiversity Targets (the predecessor of the GBF) were fully met by the end of 2020 (Hansen et al., 2021). Notably, the expansion of protected areas in key biodiversity regions has largely stagnated since 2015 (United Nations, 2023). Rapid urbanization plays a significant role in driving global land use changes, resulting in the ecosystem degradation, habitat fragmentation, and consequent biodiversity loss (Keyes et al., 2021; Li et al., 2022a). Therefore, a gap exists in both knowledge and policy domains regarding species habitats, which leads to the impedance of achieving SDG 15 (life on land) within intricate environmental landscapes.
[bookmark: _Hlk172494240]Various approaches exist for identifying habitat conservation priorities (Wang et al., 2022). The species distribution model (SDM) is a prevalent approach in biodiversity modeling (Araújo et al., 2019), which establishes statistical associations between species and environmental factors to predict potential species distribution areas (Myllyviita et al., 2019). However, SDM often necessitates extensive species monitoring datasets (Huang et al., 2020), incurring substantial human and financial resources, thereby restricting its widespread application (Hochkirch et al., 2021). Another approach, the composite index model, identifies habitats based on relevant physical environmental parameters (e.g., elevation and climate) essential for species survival, is selected based on species habits and expert knowledge. This method primarily involves qualitative analysis and lacks objective evaluation criteria (Wu et al., 2021). Moreover, habitat quality can be indirectly assessed by identifying multiple threats to biodiversity, e.g., urban development and traffic disturbances (Ding et al., 2022). Notably, the Integrated Valuation of Ecosystem Services and Trade-offs (InVEST) stands out as a representative model extensively utilized for this purpose. Integrating land use data with biodiversity threat information, InVEST generates habitat quality maps (Xiao et al., 2020), circumventing the need for species distribution or presence data (Terrado et al., 2016).
In addition to protecting natural habitats, connectivity and integrity are key indicators for assessing progress towards the GBF’s 2030 targets and 2050 vision (Hansen et al., 2021). Nevertheless, as of 2020, less than 8% of the land is both protected and connected (United Nations Environment Programme, 2021). Habitat connectivity poses a significant challenge for current biodiversity conservation, particularly in regions where human-induced encroachment on natural ecosystems, driven by agricultural expansion, urbanization, and industrialization, leads to habitat fragmentation (Keeley et al., 2016). To address these challenges, ecological corridors have emerged as essential tools in landscape planning (Salviano et al., 2021). Various methods have been developed for ecological corridor identification, such as the Minimum Cumulative Resistance (MCR) model, the Circuit model (Peng et al., 2018), and the Gravity model (Yang et al., 2021). Among them, the MCR model demonstrates notable compatibility and applicability, widely utilized in constructing biodiversity and ecological security patterns (Dong et al., 2021). The construction of resistance surfaces is a crucial step in identifying ecological corridors using the MCR model. Most studies predominantly rely on expert knowledge, using hypotheses or proxies that vary in realism and could potentially skew results (Lalechere and Berges, 2021). Consequently, there is no definitive solution or widely accepted scientific consensus on this process (Xiao et al., 2020). Different resistance surfaces often lead to varying directions for the extracted ecological corridors. Despite this variability, few studies have thoroughly examined the effectiveness and rationality of these corridors to assess the impacts of resistance surfaces on ecological corridor identification (Peng et al., 2018; Ding et al., 2022).
Sanmenxia City is an important ecological function zone and species habitat in the Yellow River basin of China. In recent decades, its habitat fragmentation has increased due to population growth and intensification of human activities, resulting in a significant reduction in the population size and range of local flora and fauna (Fu et al., 2021). Research in Sanmenxia City has largely concentrated on agricultural ecosystem vulnerability (Niu et al., 2022), wetland protection (Cheng et al., 2015), and forest conservation (Liu et al., 2017) . However, there is a significant research gap on habitat and connectivity, which should be addressed to inform local governments in their efforts to achieve SDG 15 (life on land). 
This study focused on Sanmenxia City to achieve three primary objectives. First, to analyze the spatio-temporal variations and influencing factors of habitat quality from 2000 to 2020. Second, to identify the differences in ecological corridor simulations based on two main existing measurement methods of resistance surface. Finally, to identify biodiversity conservation spaces in Sanmenxia City. Our study provides new insights into addressing the serious loss of biodiversity, restoring natural ecosystems, and accelerating the implementation of SDG 15 (life on land) in the Yellow River basin.

2. Study area and data sources
[bookmark: _Hlk164479803][bookmark: _Hlk172492852][bookmark: OLE_LINK67][bookmark: OLE_LINK66]Sanmenxia City, covering an area of 10,496 km² and with a population of 2.035 million, is bordered by two major hydrological systems in China, the Yellow River and the Yangtze River. It is located at the confluence of the Qinling Mountains, the Taihang Mountains, and the Loess Plateau (Figure 1). Sanmenxia City falls within the purview of a warm temperate continental monsoon climate zone, with an average annual temperature of 13.2°C and average annual rainfall between 550 and 1000 mm. Sanmenxia City features a complex topography, characterized by an average slope of 18.2° and an elevation of 841.2 meters. The dominant land use is covered by forests, accounting for 43.1% of the total area, followed by cropland at 34.3%. As an important species habitat in the Yellow River basin, Sanmenxia City has documented 367 species of wild terrestrial vertebrates, accounting for 70.6% of the total species of wild animals recorded in Henan Province (Henan Provincial Bureau of Statistics, 2023).
[bookmark: _Hlk177977846][bookmark: _Hlk172494348]We used seven datasets, including administrative division, land use, digital elevation model (DEM), net primary production (NPP), annual precipitation, road, and railway. Their detailed information is shown in Table S1. All datasets were reprojected to the WGS84 coordinate system to avoid spatial misalignment and inaccuracies stemming from different coordinate systems. Data resolution was standardized to 30 m through resampling to enhance the precision of spatial analyses. These processing steps ensure that data overlay and comparison are accurate, promoting compatibility and comparability across different data sources.
[bookmark: _Hlk172494896][image: ]
Figure 1. Location of study area in China

3. Methods
The assessment framework includes four steps (Figure 2) that can provide useful information for biodiversity conservation planning and decision-making in most urban regions. First, we assessed the spatio-temporal variations in habitat quality from 2000 to 2020 using the InVEST model, and identified potential habitats through hotspot analysis. Second, we developed two types of ecological resistance surfaces based on expert experience and habitat quality, subsequently identifying various ecological corridors with the MCR model. Third, we utilized the GeoDetector model (GDM) to pinpoint key factors impacting habitat quality and established a feasibility evaluation model for ecological corridors to determine optimal paths. Finally, we identified a biodiversity conservation space to prioritize specific habitats and corridors.

[image: ] 
Figure 2. Procedures for identifying biodiversity conservation spaces

3.1 Evaluating habitat quality 
[bookmark: _Hlk172494458][bookmark: _Hlk172101036][bookmark: _Hlk150290823][bookmark: OLE_LINK70][bookmark: OLE_LINK69][bookmark: OLE_LINK68]Due to the limited availability of species monitoring data, the application of SDMs in the study area is constrained. Therefore, we evaluated habitat quality in Sanmenxia City using the InVEST model (version 3.10.2), developed collaboratively by Stanford University, the Nature Conservancy, and the World Wildlife Fund. The core of this method (Eq.1) is to evaluate the negative impacts of threat sources on habitats. The model’s parameter settings primarily encompass four aspects: the relative impact and weight of each threat, along with the suitability and sensitivity of various land use types to each threat factor (Sun et al., 2019; Yohannes et al., 2021), as detailed in Tables S2 and S3.
                    (1)
In Eq.1, was the habitat quality of raster x in land use type j;  was the threat level of raster x in land use type j (Eq. 2);  was the habitat suitability of land use type j; and k was half the saturation constant, equivalent to half of the maximum value of .
                  (2)
In Eq.2, R was the number of threat factors;  represented the set of grid cells on r’s raster map;  denoted the impact weight of threat r;  was the stress value of grid y;  represented the degradation decay function through distance;  indicated the accessible grid cell y; and  was the relative sensitivity of land type j to threat factor r.  can be represented as the linear or exponential function of distance from threats to habitats (Eqs. 3-4).
If linear：                 (3)
If exponential：                  (4)
In Eqs. 3-4,  was the distance between grid cells x and y; and  was the maximum effective distance of the threat r’s reach across space in grid cells y.
[bookmark: _Hlk150290848]
3.2 Analyzing main influencing factors of habitat quality
[bookmark: _Hlk172492949][bookmark: _Hlk170517361]To analyze the influencing factors of habitat quality, we quantified the correlations between habitat quality and six factors: elevation, slope, annual precipitation, NPP, area of ecological land (including forest, grassland, wetland, and water bodies), and area of non-ecological land (including cultivated and construction land). First, we constructed a 5 km × 5 km grid. We then determined the average habitat quality, elevation, slope, annual precipitation, NPP, and areas of ecological, cultivated, and construction land for each grid cell. Finally, we calculated the correlations between habitat quality and these variables.
[bookmark: _Hlk172494602]Methods commonly used to identify factors affecting habitat quality include correlation analysis, principal component analysis, redundancy analysis, and regression analysis (Fang et al., 2021). To fully understand changes in habitat quality, it is necessary to consider the interactions among multiple influencing factors and determine the contribution of each factor. This can be achieved by using the GDM (Zhang et al., 2021). GDM enhances traditional statistical methods by not only clarifying the explanatory power of each independent variable on the dependent variable, but also identifying the interactions among different factors. Therefore, we applied GDM to analyze the impacts of different factors on the spatial heterogeneity of habitats (Eq. 5).
[bookmark: _Hlk172494970]                        (5)
[bookmark: _Hlk158858290]In Eq. 5, q was the explanatory power of the driving factors to habitat quality; 0 ≤ q ≤ 1;  and  were the variance of habitat quality of layer h and the whole region; , and N represented the stratification of the driving variables, the number of units of layer h and the whole region, respectively. 

3.3 Identifying potential habitats
[bookmark: OLE_LINK71][bookmark: OLE_LINK72][bookmark: _Hlk150290903][bookmark: _Hlk150290857][bookmark: OLE_LINK73][bookmark: OLE_LINK74]Hotspot areas are regions where there are concentrated high-value distributions of various services (Cai et al., 2017). First, we classified habitat quality into five levels—high, relatively high, medium, relatively low, and low—using equal intervals. Then, we constructed a 1 km × 1 km grid and quantified the areas of high habitat quality within each grid cell. Utilizing the hotspot analysis tool in ArcGIS, we identified spatial clusters of high-value potential habitats within each grid cell. Finally, we aggregated and analyzed the identified hotspots to identify areas exceeding 10 km², designating them as potential habitats.

[bookmark: OLE_LINK1][bookmark: _Hlk150291001][bookmark: _Hlk111676773]3.4 Evaluating ecological resistance surface
[bookmark: _Hlk172493053][bookmark: _Hlk150291013][bookmark: _Hlk172308970]Two approaches for setting the resistance surface were further adopted. Option 1 utilized the expert elicitation method, setting ecological resistance surfaces based on ecosystem type (Yu et al., 2017; Li and Hu, 2019; Sun et al., 2019). Specifically, resistance values were assigned as follows: wetland - 10, forest - 20, shrubland - 30, grassland - 40, water - 60, garden - 100, unused land - 200, cultivated land - 300, rural settlement - 600, and urban construction area - 1000. Option 2 adopted the habitat quality method, where ecological resistance surfaces were modeled based on habitat quality, as outlined in Eq. 6 (Keeley et al., 2016; Lalechere & Berges, 2021).
                  (6)
[bookmark: _Hlk150291102][bookmark: _Hlk150291077]In Eq. 6,  was the resistance value determined form habitat quality for Option 2, and HQ was the habitat quality.

[bookmark: _Hlk150291158]3.5 Identifying potential ecological corridors
[bookmark: OLE_LINK75][bookmark: OLE_LINK76][bookmark: _Hlk150291164][bookmark: OLE_LINK77][bookmark: OLE_LINK78][bookmark: _Hlk172494536]The identification and construction of potential migration corridors play a crucial role in addressing habitat fragmentation and enhancing ecological connectivity (Mohammadi et al., 2021). This goal is typically achieved by quantifying the migratory costs for species across different habitats (Yu et al., 2017). Although circuit theory can simulate various corridor choices, it does not identify the most optimal path (Peng et al., 2018). The gravity model, known for its high data requirements, is commonly used to analyze corridor importance (Yang et al., 2021). In contrast, the MCR model offers advantages such as simplicity, low data requirements, and strong interpretability. Therefore, we adopted the MCR model (Eq. 7) to evaluate the potential for species migration (Li et al., 2022b).
[bookmark: _Hlk150291195]               (7)
[bookmark: _Hlk150291201][bookmark: _Hlk150291232][bookmark: _Hlk150291258]In Eq, 7, MCR was the cumulative resistance value of a landscape to an ecological habitat in space;  reflected the positive correlation between the cumulative resistance value and the ecological process of the landscape; min indicated that the minimum value of cumulative resistance was taken;  denoted the spatial distance from spatial landscape unit i to habitat j; and  denoted the resistance coefficient of landscape unit i to the movement diffusion of a target unit.

[bookmark: _Hlk150291282][bookmark: _Hlk164552761]3.6 Evaluating ecological corridor feasibility
[bookmark: OLE_LINK79][bookmark: OLE_LINK80][bookmark: _Hlk164552972][bookmark: OLE_LINK83][bookmark: OLE_LINK81][bookmark: OLE_LINK82]We developed two ecological corridor plans based on the ecological resistance surfaces described in Section 3.3. First, referring to previous research (Xie et al., 2023), we considered five corridor widths: 200 m, 600 m, 1200 m, 2500 m, and 5000 m. Second, to minimize subjectivity and uncertainty in indicator selection, we identified evaluation indicators that influence ecological corridor construction based on the analysis of factors affecting habitat quality presented in Section 3.2. We then calculated specific values for these evaluation indicators, tailored to the different ecological corridor widths. In this study, the selected evaluation indicators included the area of cultivated land, area of construction land, area of ecological land, NPP, slope, elevation, and length of ecological corridors. Third, the statistics for these indicators were normalized to enhance comparability between datasets (Eqs. 8-9). Finally, we computed the ecological corridor feasibility indices using Eq. 10. Corridors with high feasibility indices were selected as linkages between key ecological source sites.
For positive indicators:                     (8)
For negative indicators:                     (9)
                  (10)
[bookmark: OLE_LINK5]In Eqs. 8-10,  was the normalized data of indicator j of i m ecological corridors;  and  were the original and average values of indicator j of i m ecological corridors;  was the ecological corridor feasibility indices; and  was the weight of indicator j.

4. Results
[bookmark: _Hlk150292504]4.1 Spatio-temporal characteristics of habitat quality
[bookmark: _Hlk172494694][bookmark: _Hlk172126091][bookmark: _Hlk150291372]Between 2000 and 2020, the average habitat quality in Sanmenxia City declined slightly from 0.61 to 0.59 (Figure 3). In 2020, high-quality habitats encompassed 38.24% of the city’s total area, marking a minor increase of 0.07 percentage points from 2000. However, areas classified as relatively high-quality habitats decreased by 3.04%. Urban and agricultural areas, particularly Hubin District and parts of Shanzhou, consistently exhibited lower habitat quality. In contrast, Lushi's habitat quality remained stable, supporting high biodiversity. The most notable decline occurred in Lingbao City, primarily due to extensive terracing, which reduced habitat area. Additionally, habitat quality along the banks of the Yellow River experienced significant declines.
[bookmark: _Hlk172494747]There was a clear spatial differentiation in habitat quality (Figure 3e). Lushi County boasted the highest habitat quality index, consistently maintaining levels above 0.77 over the past two decades. This indicated that Lushi County played a crucial role in preserving biodiversity in Sanmenxia City. Favorable hydrothermal conditions, diverse vegetation types, and complex terrain helped minimize human disturbances in Lushi County, thereby maintaining relatively high habitat quality. The lowest habitat quality was observed in Hubin District, which exhibited a declining trend due to concentrated urban development and intensive agricultural activities, leading to significant human disturbances. The scarcity of land resources, coupled with expanding urban construction, further squeezed the already fragile ecological spaces.
[bookmark: _Hlk150291389][bookmark: _Hlk172494908][image: ]
[bookmark: _Hlk150291421]Figure 3. Spatio-temporal variations of habitat quality. a.-e. Habitat quality from 2000 to 2020. f. Spatial variations in habitat quality. g. Temporal variations in habitat quality. h. Land use structure across different habitat quality levels.

4.2 Main factors influencing habitat quality
[bookmark: _Hlk172493115]Habitat quality showed significant correlations with topographical factors (slope and elevation), natural conditions (NPP and annual precipitation), and human activities (land use) as depicted in Figure 4a. Specifically, habitat quality was negatively correlated with non-ecological land use but positively correlated with other factors, indicating that human activities were a major factor contributing to habitat degradation. Abundant precipitation and high NPP values indicated favorable climatic conditions and ample food resources, while complex terrain, subjected to lesser human disturbance, facilitated the preservation and formation of habitats. However, these correlation characteristics did not apply to aquatic ecosystems. Despite low slope, NPP, and altitude, a small number of discrete samples indicated that habitat quality remained high.
[bookmark: _Hlk172494816]The detection results for six variables were obtained through the GDM, revealing influencing coefficients (q-statistic values) and degrees of significance (p-values). All six variables demonstrated strong statistical significance, each with a p-value of 0. Figure 4b presents the q-statistic value of each variable to reveal their influence on habitat quality. The q-statistic values ranked the influencing coefficients as follows: NPP (0.86), annual precipitation (0.84), slope (0.77), elevation (0.61), non-ecological land (0.58), and ecological land (0.55). Among these six variables: precipitation was classified as a climate factor; NPP, as a result of the combined effects of precipitation, temperature, and soil factors, was also considered a climate factor; slope and elevation were categorized as topographic factors; and non-ecological and ecological lands were defined as land-use factors. Overall, climate, topography, and land-use predominantly governed the spatial distribution of habitat quality. At the macro level, climate and topography determined this distribution, while land-use significantly influenced local habitat quality under human intervention. These variables did not independently affect habitat quality but interacted synergistically, enhancing each other's effects (Figure 4c). The combined explanatory power of climate and land-use factors was the most significant.
[image: ]
Figure 4. Main influencing factors of habitat quality. a. Correlations between habitat quality and each influencing factor. b. The q-statistic of different influencing factors. c. The interaction influence between factors on the spatial heterogeneity of habitat quality.

4.3 Spatial distribution of potential habitats 
In Sanmenxia City, 14 potential habitat hotspots were identified, located in Lushi County, Lingbao City, Mianchi County, and Shanzhou District (Figure 5). Of these, Lushi County represented 55.68% of the hotspots, followed by Lingbao City at 26.17%. This distribution was primarily due to the habitats' strong environmental dependencies. Specifically, the southern areas received more abundant precipitation, had better light and heat conditions, and supported lush vegetation. Additionally, mountains and hills dominated these areas, and the complex topography limited human interference. No potential habitat hotspots were identified in Hubin District and Yima City. The habitats in these two areas, covering only 3.57 km², were small and fragmented, surrounded by built-up towns and farmland, existing primarily as ecological islands. ﻿
[bookmark: _Hlk150291483][image: ]
Figure 5. Hotspots and coldspots of potential habitats

[bookmark: _Hlk150291515]4.4 Simulation of resistance surface
[bookmark: _Hlk150291531] The ecological resistance surface for Option 1 (Figure 6a) was developed using the expert elicitation method, referencing previous studies to assign resistance values ranging from 10 to 1000 across various ecosystem types. The order of increasing resistance values was as follows: wetland, forestland, grassland, water, garden land, unused land, arable land, rural residential areas, and urban construction land. Option 2 calculated resistance values using the Habitat Suitability Index, with ecological resistance values ranging from 11.1 to 78.1 (Figure 6b). Although the resistance values for the two options significantly differed, the pattern of spatial heterogeneity remained broadly consistent, with ecological resistance values high in the north and low in the south. Areas with high ecological resistance were concentrated in the flatter northern terrain, where a dense transport network and significant urban and agricultural development created substantial obstacles to ecosystem linkages.

[bookmark: _Hlk150291592][image: ]
Figure 6. Ecological resistance surface. The results acquired by adopting expert elicitation method (a) and habitat quality method (b).
[bookmark: _Hlk150291602]
4.5 Identification of potential ecological corridors 
[bookmark: _Hlk150291619]Based on the two different resistance surface options (Figure 6), the least-cost paths between potential habitats were calculated using the MCR model to determine different ecological corridors (Figure 7g). In general, there were 20 corridors, and the spatial layout of the two types of ecological corridors was consistent. The total lengths of the ecological corridors for Option 1 and Option 2 were 223.42 km and 200.59 km, respectively. The assessment indicators for the two ecological corridor options displayed a similar pattern of change as corridor width increased (Figures 7a-e; Table S4). Notably, at a corridor width of 5000 m, the areas of construction land and cultivated land increased to approximately 69 times and 37 times their sizes at a corridor width of 200 m, respectively. This suggested that wider corridors, while providing greater ecological benefits, also faced greater challenges in balancing other ecosystem services. In terms of slope, built-up land area, and ecological corridor length, Option 2 outperformed Option 1. Conversely, it lagged behind Option 1 in arable land area and ecological land area (Figures 7a-e). Overall, Option 2 surpassed Option 1 in the feasibility indices for ecological corridors of five different widths (Figure 7f), indicating that the ecological resistance surface modeled by the habitat quality method was superior to that modeled by the expert experience method. Therefore, we identified Option 2 as the optimal path for the ecological corridor.

[image: ]
[bookmark: _Hlk150291641]
Figure 7. Feasibility evaluation of the two ecological corridor plans. a.-f. Comparative analysis results of five corridor widths: 200 m, 600 m, 1200 m, 2500 m, and 5000 m. g. Spatial layout of two ecological corridor plans.

[bookmark: _Hlk150291800]5. Discussion
[bookmark: _Hlk150291860]Diversity within species, between species, and across ecosystems has been declining at a rate unprecedented in human history (IPBES, 2019). It is crucial to implement more transformative conservation measures to reverse this trend. Constructing ecological patterns that integrate point, line, surface, and network elements can effectively address habitat fragmentation and mitigate biodiversity loss (Peng et al., 2018). Addressing these challenges to achieve SDG 15 (life on land) necessitates close collaboration and concerted efforts among scientists and decision-makers.

5.1 Potential obstacles and possible actions 
[bookmark: _Hlk172493201][bookmark: _Hlk172495104][bookmark: _Hlk150291894]Our results indicated that the potential habitat space for terrestrial animals covered 2808.45 km², while nature reserves comprised only 777.5 km² (27.68%). This suggests that nature reserves occupy a relatively small proportion of the habitat, with current zoning deemed unreasonable. The spatial distribution of these nature reserves does not align with priorities established on biological criteria, thereby posing potential risks to species conservation (Wu et al., 2018). The GBF advocates reducing the loss of ecologically important areas to near zero by 2030. It is thus imperative to expand and optimize the scope and area of existing protected zones to meet these objectives effectively. Notably, expanding protected areas could deprive indigenous residents of their resource rights, potentially displacing them and impacting their livelihoods (Alden Wily, 2018). Balancing ecological conservation with local livelihood development is crucial for the long-term health of ecosystems (Chaplin-Kramer et al., 2022). Therefore, exploring and expanding pathways to transform ecological resources into ecological products is vital—such as through eco-tourism (Chen, 2020), sustainable agriculture and forestry projects (Pashkevich et al., 2022), and ecological compensation mechanisms (Zhu et al., 2021). It is essential to ensure that biodiversity protection also promotes local economic development and improves living standards (Mastrantonis et al., 2022). 
[bookmark: _Hlk172493331]In Sanmenxia City, climate, topography, and land use were the main factors affecting habitat quality, with clear positive correlations between habitat quality and both elevation and slope (Figure 4). However, this does not imply that regions with higher elevations or steeper slopes are more suitable for species survival. The primary reason is that areas with favorable terrain conditions are largely occupied by human activities, reflecting intense competition for land resources between humans and nature. Previous studies have demonstrated that many protected areas are not as effective as expected. For example, even within designated protected areas, species decline still reached 56% (Morton et al., 2021). Thus, simply expanding the area of protected zones may not necessarily achieve the intended goals, and the quality and effective management of protected areas are equally important. Anthropogenic activities, including cultivation, gardening, and construction within the potential habitat, covered an area of 70.33 km², accounting for approximately 2.5% of the total (Figure 3h). It is crucial to develop management strategies that control these anthropogenic activities within this area to prevent the degradation of ecological environment quality (Hemraj et al., 2024). Effective conservation management necessitates the involvement of local communities, landowners, governments, and non-governmental organizations (Zhu et al., 2021). Collaborative governance frameworks and participatory decision-making processes are essential to ensure that diverse perspectives are considered, leading to more equitable and sustainable outcomes. Engaging stakeholders in conservation efforts also fosters a sense of ownership and accountability, which is crucial for the long-term success of conservation initiatives.
[bookmark: _Hlk172495907]Our study identified 20 important ecological corridors for Sanmenxia City, and the corridors located in the southern and western parts were generally short, while those in the east were notably longer (Figure 7g). The corridor extending from Ganshan Mountain to Shaoshan Mountain was the longest, measuring 41.1 km (Figure 7g). Habitat fragmentation in these areas were exacerbated by urban construction and agricultural activities. Additionally, traffic disturbances posed significant challenges, with 38 major obstacles arising from traffic infrastructure development across the corridors. These barriers might impede animal migration and increase the risk of roadkill. Implementing measures such as constructing underpass-style ecological corridors is crucial for restoring these areas and improving habitat connectivity. Our study shows that as ecological corridor widths increase from 200 m to 5000 m, the impacts of human activities multiply significantly. This indicates substantial potential trade-offs between biodiversity functions and other ecosystem services (e.g., food production, mineral development, and timber supply) in these areas. The design of ecological corridors should comprehensively consider various factors such as conservation objective, current land use, terrain condition, and economic cost. In economically or agriculturally developed areas, constructing wide ecological corridors often presents challenges (Dai et al., 2021). However, in areas with significant biodiversity functions, such as Lushi County, corridors can be built up to 1 km wide or even wider (Peng et al., 2018; Zhou et al., 2023). Overall, it is vital not only to protect potential habitats but also to develop ecological corridors, thereby enhancing regional ecological connections and establishing a unified biodiversity conservation network.

[bookmark: _Hlk150291942]5.2 Modeling challenges in biodiversity conservation
Existing biodiversity models face challenges due to data restrictions and the intrinsic complexities of biological systems (Araújo et al., 2019). Researchers should select appropriate models that balance scientific rigor with practical feasibility. While some previous studies have determined conservation areas through monitoring data of target species, three major shortcomings need to be avoided to prevent unreasonable outcomes. First, the selection of species for protection should avoid subjective biases, ensuring that conservation targets are based on scientific evidence and expert knowledge rather than personal or decision-maker preferences (Zvereva & Kozlov, 2019). Second, the quality and reliability of monitoring data need to be meticulously examined (Hochkirch et al., 2021). Habitat quality is typically assessed by the number of species observed; however, good habitats often provide sufficient cover, making species harder to detect. Thus, the quality of monitoring data can significantly influence assessment outcomes (Dambly et al., 2021). Third, special attention should be given to management practices intended to 'improve' habitats, which may benefit certain species but adversely affect others (Romañach et al., 2022). In studies lacking specific protected species, it is often necessary to quantitatively predict the impact of human factors on biodiversity (Araújo et al., 2019). The InVEST model exemplifies such tools, offering cost-effectiveness and reduced dependence on intensive field data collection (Bai et al., 2018). Thus, it is often used to identify prioritization areas for biodiversity conservation policy-making.
[bookmark: _Hlk172495575]A key challenge in accurately identifying ecological corridors is modeling the resistance surface. However, no effective solution for accurately modeling ecological resistance surfaces has been found (Keeley et al., 2017). Additionally, few studies have explored the specific effects of differences in ecological resistance on ecological corridors. To address this research gap, this study compared two commonly used methods for setting ecological resistance and proposed a set of specific steps for assessing the feasibility of ecological corridors. Our results showed significant differences in ecological corridors identified under different resistance settings. Ecological resistance surfaces modeled by the habitat quality method were superior to those modeled by the expert elicitation method. Although the expert-empirical method of assigning values through land use is currently the most popular method for modeling ecological resistance, it increases uncertainty in identifying ecological corridors due to the heterogeneity of land use classification and frequent negligence of resistance changes within the same land type (Dong et al., 2021). Species migration is influenced by multiple factors, including climate, terrain, and human activities (Yang et al., 2021). Therefore, compared to methods that simulate based on a single factor, integrating various influences in modeling ecological resistance offers a distinct advantage in accurately predicting and facilitating species migration.

[bookmark: _Hlk150291931]5.3 Uncertainties and limitations
[bookmark: _Hlk172495404][bookmark: _Hlk172493422]Biodiversity assessment is characterized by complexity and uncertainty, influenced by multiple factors from both natural and social environments (Keyes et al., 2021). Thus, this study has some inherent uncertainties and limitations. First, we assumed that ecological resistance increased linearly as habitat quality decreased, simplifying the understanding of species dispersal behavior (Keeley et al., 2016). For example, species with strong dispersal capabilities can cross landscapes with lower suitability levels. Second, we did not assess ecosystem services, which may overlook the synergies between biodiversity and ecosystem services, potentially missing opportunities for achieving multiple co-benefits. We highlight some future research directions to accelerate progress toward SDG 15 (life on land). First, improving species monitoring technology and expanding the monitoring scale are necessary to address the current issue of insufficient species monitoring data. Second, a comprehensive model covering multiple factors, processes, and scales should be developed to simulate and predict the complex interactions between biodiversity and ecosystem services, thereby enhancing the practical application value and prediction accuracy of current models. Finally, it is crucial to strengthen research on biodiversity conservation policies, particularly focusing on the trade-offs and synergies between biodiversity and ecosystem services, the construction of ecological corridors, and the development of ecological compensation mechanisms.

6. Conclusion
[bookmark: OLE_LINK85][bookmark: OLE_LINK84]Biological populations are highly dependent on and sensitive to habitat quality. In the absence of biological monitoring data, assessing potential threats to identify animal habitats has proven effective for achieving quantitative and spatial representations of biodiversity conservation. This study proposed an assessment framework for identifying biodiversity conservation spaces from the perspective of an ecological network. This framework can be applied in habitat conservation to design strategies that effectively mitigate the adverse effects of habitat fragmentation. We selected Sanmenxia City as our study area to empirically test the framework. Additionally, we assessed the differences in ecological corridor simulations using two primary methods for measuring resistance surfaces. The results revealed potential habitat spaces spanning 2,808.45 km² and 14 habitat hotspots. A more viable ecological corridor was identified through the construction of a resistance surface based on habitat quality. Our assessment framework utilized basic data universally available in the Yellow River basin, indicating its applicability in other regions with limited species distribution data. Habitat loss often begins with fragmentation and marginalization. Thus, conservation strategies should focus not only on core biodiversity areas but also on the migratory corridors and habitat connectivity of species. Policy responses in the study area should intensify efforts to protect the 20 identified ecological corridors, thereby advancing the GBF and SDG 15 (life on land).
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