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Supplementary File 1

Integrating ecological networks and multi-scenario
optimization: a novel framework for constructing ecological

security pattern

S1. Calculation of ecosystem services

S1.1 Habitat quality

This study evaluated habitat quality based on the InVEST model. The habitat quality model, utilizing

data on human disturbance, land cover, and expert knowledge, generates reliable indicators of habitat

response to threat sources[1] (Supplementary Table S7). The InVEST habitat quality model integrates data

on land cover and biodiversity threat factors to produce habitat quality maps. Habitat quality is defined as

the capacity of ecosystems to offer conditions conducive to individual and population survival, contingent

upon the availability of subsistence resources, reproductive opportunities, and organism presence[2]. We

determined the threat data for different land use types in the study area according to the InVEST User's

Guide. The calculation formula of habitat quality is as follows:
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where: Qxj is the habitat quality of raster x of land use type j; Hj is the habitat suitability of land use type j;

Dxj is the threat level of raster x of land use type j; z denotes the normalization constant; k is the scaling

constant, R is the number of threat factors; r is the threat factor, Yr is the number of rasters occupied by the
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threat factor r; wr is the threat weight of the threat factor r; y is the number of rasters of the threat factor r;

irxy is the effect of the threat factor r on each raster of the habitat; βx is the accessibility class of raster x; and

Sjr is the sensitivity index of land use type j to the threat factor r.

The spatial attenuation of threat factors is divided into two categories (Supplementary Table S8): linear

attenuation and exponential attenuation. The respective characterization functions are as follows:
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where: irxy is the stress degree of the threat factor on grid x; dxy is the distance between grid x and grid y; and

drmax is the maximum influence distance of the threat factor.

Supplementary Table S7 Sensitivity of land use type to habitat threat factor

Land use type Habitat suitability
Threat factor

Farmland Railroad Urban land Road

Urban 0 0 0 0 0
Forest 0.91 0.8 0.65 0.65 3
Cropland 0.5 0.3 0.5 0.5 0.6

Water 0.9 0.6 0.6 0.75 0.6
Grassland 0.7 0.55 0.4 0.6 0.4
Shrub 1 0.5 0.6 0.6 0.4
Bareland 0 0 0 0.2 0
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Supplementary Table S8 Threat factors and their stress intensity

Threat factor Maximum threat distance Weight Spatial recession type

Farmland 8 0.7 linear

Urban 10 1 exponential

Road 2 0.6 exponential

Railroad 5 0.6 exponential

S1.2 Water yield

This study estimated water yield using the InVEST model. The water yield model estimates the relative

contribution of water from various landscape sections, offering insights into how alterations in land use

patterns influence annual surface water yields and hydropower generation. Within the InVEST model,

annual water production at each pixel scale is computed based on the Budyko curve and average annual

precipitation[3] (Supplementary Table S9). The specific equations are as follows:
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where Px is the annual precipitation (mm) of grid x, and AETx is the actual evapotranspiration (mm) of grid x.

In general, it is not easy to obtain data on actual evapotranspiration directly; therefore, this study uses the

approximation of the Budyko curve derived from the ratio of actual evapotranspiration to the precipitation

instead[4]. Here, PETx is the potential evapotranspiration (mm) of grid x; ωx is a non-physical parameter

representing the natural climate-soil attribute, which represents the effective precipitation and annual water

availability of the soil; Kc(lx) is the evapotranspiration coefficient of the vegetation of the landscape type l in

the grid x; ET0x is the average annual evapotranspiration (mm) of the grid; RA is the solar zenith radiation
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(MJ/mm); Tav and TD are the mean and difference of the mean annual maximum and mean annual minimum

temperatures (°C), respectively; Z is the total water constant stored and released by plants in the soil; AWCx

is the amount of water efficiently utilized by vegetation; PSAN, PSIL, PCLA, and PC are the contents of sand,

silt, clay, and organic carbon in the soil, respectively.

Supplementary Table S9 Biophysical attributes table

Land use type Root_depth Kc LULC_veg

Urban 500 0.3 0
Forest 7000 1 1
Cropland 2100 0.75 1
Water 500 1 0
Grassland 2000 0.65 1
Shrub 5200 0.95 1
Bareland 10 0.2 0

S1.3 Soil conservation

The soil conservation module of the InVEST model was developed based on the Generalized Soil Loss

Equation calculation method at the metric scale. The generalised soil loss equation is the most commonly

used method for calculating soil retention. It works by subtracting the actual soil erosion from the potential

soil erosion for each grid to obtain the soil retention of each grid. The InVEST model is an improvement of

the generalised soil loss equation for calculating regional soil retention, i.e., the InVEST model fully

considers sediment deposition, and the calculation equation is as follows:
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where, SR is soil retention rate; RKLS is soil erosion rate of bare land; ULSE is soil erosion rate of land type

with management measures or vegetation cover; SD is sediment deposition rate; SE is sediment movement
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and migration rate; SDR is sediment transport rate; R is rainfall erosion rate; K is the soil erosion factor,

which is measured using data from Williams et al.[5]; L and S are slope length and slope coefficient, C is

vegetation cover and management factor; and P is soil and vegetation cover (Supplementary Table S10).

Supplementary Table S10 C and P factors for different land use types

Land use type C P
Urban 0 0.1
Forest 0.005 1
Cropland 0.228 0.352
Water 0 0
Grassland 0.112 1
Shrub 0.005 1
Bareland 0.01 1

S1.4 Carbon storage

Carbon storage was replaced by Net primary productivity (NPP) in this study. NPP data were obtained

from the MODIS MOD17A3HGF dataset released by National Aeronautics and Space Administration

(NASA), which provides year-by-year NPP data at 500 m resolution, synthesized from 8-day net

photosynthesis products (MOD17A2H), with a raw spatial resolution of 500 m and a temporal resolution of

1 year. The dataset is corrected for the effects of clouds and aerosols[6], and contains year-by-year quality

control data (referred to as NPP_QC) to ensure the quality reliability of NPP products[7]. Based on the

statistical analysis of the NPP_QC data in the Songhua River Basin in 2020, the confidence level of the

corresponding NPP data was classified into four grades: high, medium, low and inversion failure. The results

showed that the cumulative percentage of high and medium confidence levels for vegetation NPP data

quality reached more than 97% in total, indicating that this dataset has a very high accuracy in the SRB

(Supplementary Fig. S8).
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Supplementary Fig. S8 Spatial distribution of inversion credibility for NPP of SRB in 2020.

S2. Parameter setting of MPSA

The parameter configurations for Morphological Spatial Pattern Analysis (MSPA) were defined as

follows: Foreground Connectivity was assigned a value of "8". Given the limited urban habitat area, an edge

width of "1" pixel was selected during the analysis, which equates to an actual distance of 1 km. Transition

and Intext features were both activated. Subsequently, based on the characteristics of landscape categories,

the cores were delineated. Specific parameter settings and effects are shown in Supplementary Table S11.

Supplementary Table S11 The parameter settings in MSPA

Parameter Option Setting Effect

Foreground Connectivity 8/4 8 Fewer bridges
Edge Width 1, 2, 3, 4, … 1 More cores
Intext-set On/Off On Landscape type showing inside and outside
Transition-set On/Off On More bridges

S3. Weighting methodology

S3.1 Entropy-weight method

The entropy weighting method is based on Shannon entropy, which was originally proposed by
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Shannon and Weaver[8]. Shannon entropy measures information uncertainty using probability theory.

Entropy is well-suited to measure the relative strength of contrasting criteria in representing the average

intrinsic information conveyed by a decision. Shannon developed measure H that satisfies the following

properties for all pi in an estimated joint probability distribution P[9]. The weights are determined using the

entropy-weight method as follows:
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where, Pij is the normalisation index; zij is the normalisation matrix; i=1, 2, …, m; j=1, 2, …, n; Hj is the

entropy value; k is a constant; divj is the scatter of information inherent in each criterion; and wj is the

entropy weight of each criterion.

S3.2 GeoDetector

GeoDetector is a set of statistical methods for detecting spatial dissimilarities and revealing the driving

forces behind them[10]. In this paper, the optimal parameter GeoDetector was applied to use five

classification methods, including equal interval classification, natural breakpoint classification, quantile

classification, geometric classification and standard deviation classification[11]. The classification levels were

set from 3 to 7, and the q-values under different classification methods and classification levels were

calculated respectively to filter the classification method and classification level with the largest q-value of

the influencing factors as the optimal parameter for GeoDetector analysis, and use it as the one of the
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resistance surface weights. The GeoDetector calculation is as follows:
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where, q is the divergence factor; L is the number of variable categories; Nh and N are the number of cells in

category h and the number of cells in the whole region; h is a specific type, the number of cells in category h

and the number of cells in the whole region; and σh and σ are the variance in category h and the variance in

the whole region.

S4. Identification of ecological corridors, pinch points, and barrier points

S4.1 Identification of ecological corridors

Ecological corridors, as a channel for species flow and energy transfer between source sites, should be

the flow path with the least resistance. In this study, the Linkage Mapper tool was used to extract ecological

corridors and potential ecological corridors respectively.

S4.2 Identification of pinch points

Ecological pinch points refer to the areas with the highest electric current density, i.e., the areas with

the highest density of biological migration between the source sites, and they are the key nodes in ecological

protection. The ecological nodes in the corridor were identified using the "All to one" model in the

"Pinchpoint Mapper". The current density based on the connected corridors can be obtained by linking a

certain source ground to the ground, injecting current into the remaining source ground, and interacting

among all the source grounds. In this study, the electric current density is divided into six levels and the

highest sixth level is taken as the most ecological pinch points area.

S4.3 Identification of barrier points

Barrier points refer to areas in the corridor that impede the flow of species and information; their

reduction can improve connectivity between sources. Using the Barrier Mapper module with 1,000 m as the

Minimum Detection Radius, 10,000 m as the Maximum Detection Radius, and 1,000 m as the Radius Step
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Value, the "Maximum" mode and "Calculate percent improvement scores relative to corridor LCD" were

selected to obtain the "Barrier Mapper". The resulting values were classified into six levels using the natural

breaks method, with the highest sixth category identified as barrier points.

S4. Ecological network topology calculation

The Comprehensive Importance (CI) of each ecological patch was calculated using the following

formulas:
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where, CIi is the comprehensive importance of node; DCi is the degree centrality; CCi is the closeness

centrality; BCi is the betweenness centrality; α, β, and γ denote the weights; n represents the total number of

nodes; ki refers to the degree of node I; dij is the distance between nodes i and j; and n
ijd represents the

number of shortest paths between node i and node j passing through node n.

To evaluate changes in stability before and after adding PEC, we analyzed network robustness using the

following Eq. (24)[12]:

r

= CR
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, (24)

where, R represents network stability, C denotes the number of nodes in the largest connected subgraph after

removing certain ecological nodes, indicates the total number of nodes in the network, and Nr is the number

of nodes removed.

S5. Configuration of genetic algorithm parameters

Genetic algorithms (GAs) are global optimization techniques that mimic natural selection and genetic
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mechanisms, enabling efficient exploration of complex solution spaces[13]. In this study, the parameters of

the genetic algorithm were configured as follows: real-number encoding was used, the population size was

set to 200, the maximum number of iterations was 200,000, and the mutation probability was 0.5. These

parameter settings were chosen to maintain algorithmic diversity in the search space while enhancing its

global optimization performance. During the optimization process, a comprehensive objective function was

developed to balance average risk, total cost, and variation coefficient of width incorporated adaptive

weighting and high-risk area penalty mechanisms to ensure that the optimization outcomes align more

closely with practical requirements. To enhance the computational efficiency of the algorithm, this study

incorporated an early stopping mechanism that halts the optimization process if the optimal fitness value

remains constant for 100 consecutive generations. This approach effectively prevents the algorithm from

becoming trapped in local optima or engaging in unproductive computations within the solution space,

thereby significantly improving computational efficiency. Leveraging the global optimization capabilities of

genetic algorithms, this study successfully optimized the design of corridor width and elucidated the

relationship between width and regional risk, providing a robust scientific foundation and technical support

for ecological landscape planning and design.

To balance the optimization objectives for corridors of varying lengths, we categorized each corridor

based on its length (L) into four distinct length categories (LC): short, medium, long, and extra-long.

Different adaptability weights (wa) were assigned to each category to ensure balanced optimization

objectives across corridors of different lengths. The classification criteria are as follows:
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This study formulates an objective function that incorporates average RV, Total Cost (TC), and

Variation Coefficient of Width (CW) to balance these considerations, and optimizes the corridor width to

minimize the value of this objective function. The related formulas are as follows:
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where, Li represents the length of corridor i, RAi denotes the adjusted risk value of corridor i, and RPi

signifies the risk penalty multiplier for the ith corridor, which is determined based on the quantile of the risk

value. Specifically, if the average risk value of a corridor exceeds the 75th percentile of the overall average

risk values, the penalty multiplier is set to 2; otherwise, it remains at 1. σ(W) is the standard deviation of the

corridor width; μ(W) is the mean of the corridor width.

To ensure the consistency of the order of magnitude across all components, Eqs (27), (29), and (30)

were processed individually, as presented in Eqs (31), (32), and (33).

4
norm 10AR AR  , (31)

10
norm 10TC TC   , (32)

normCW CW , (33)
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