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S1 Structural metrics of supply chain networks
Network density. Network density is the ratio of the number of existing edges to the maximum possible number of edges in a network (Berger, Schulze-Schwering, Long, & Spinler, 2023). The closer the network density is to 1, the more tightly connected the network. Denoted as D, network density can be calculated using Eq. (1): 
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Where  is the number of edges and N is the number of nodes in the network.
Average node degree and average weighted degree. In a directed network, the average node degree measures the connectivity of nodes, including both the average in-degree and out-degree. The average in-degree and out-degree are calculated using Eq. (2) and (3), respectively:
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where aji and aij represent the number of edges directed from vj to vi and from vi to vj, respectively. Their value is 1 when a relationship exists between vi and vj; otherwise, it is 0. The average degree of the entire network is the sum of the average in-degree and out-degree, i.e.. The average weighted degree takes into account the weight of each edge connected to a node, as shown in Eq.(4) and (5).
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where wji and wij represent the weight of the edge between nodes;  and  represent the sets of neighboring nodes for the incoming and outgoing edges of node i, respectively. The average weighted degree is the sum of the average weighted in-degree and the average weighted out-degree, that is.
Average path length and average weighted path length. Path length refers to the number of edges traversed from one node to another and measures network connectivity (Huang, Zhou, Lin, & Zhao, 2024). The longer the path length, the poorer the connectivity. In weighted networks, the average path length and the average weighted path length is calculated using Eq. (6) and (7), respectively:
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Where dij is the shortest path length from vi to vj. Assume the sequence of edge weights on the shortest weighted path from vi to vj be denoted as , then the weighted length of this path is given by .
Average clustering coefficient and average weighted clustering coefficient. The clustering coefficient describes the density of connections among the neighbors of a node, with a value range of 0-1. A larger value indicates a closer connection between nodes in the network. According to the literature (Barrat, Barthélemy, Pastor-Satorras, & Vespignani, 2004; Fagiolo, 2007)，the clustering coefficient is calculated using Eq.(8):
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Where Ti represents the number of directed triangles passing through vi; ki the sum of the in - degree and out - degree of vi;  is the number of edges such that there are both an edge from vi to vj and an edge from vj to vi, i.e. ;  is the number of possible directed triangles. The average weighted clustering coefficient accounts for the weights of the edges between nodes, as defined in Eq.:
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Where W is the weight matrix and  is the number of actual directed triangles.


S2 Kolmogorov-Smirnov tests between dense and sparse network
To examine whether significant differences exist between the dense network and the sparse networks, this study conducts statistical tests based on the degree, node strength, and clustering coefficient of all nodes in both networks. The Kolmogorov-Smirnov(K-S) test is employed, with the following null hypotheses: (1) There is no significant difference in node degree between the two networks, with a significant level of p = 0.05; (2) There is no significant difference in node strength between the two networks, with a significant level of p = 0.05; (3) There is no significant difference in node clustering coefficient between the two networks, with a significant level of p = 0.05;
The results of the K-S tests are presented in Table A1. These results indicate significant differences between the two networks across all three metrics (all p < 0.05). Among them, node strength shows the largest distribution difference (D = 0.582), followed by node degree (D = 0.516), while the clustering coefficient exhibits a relatively smaller but still significant difference (D = 0.178).
[bookmark: _Ref206239093]Table A1 Kolmogorov-Smirnov test result for differences between dense and sparse networks
	Metric
	K-S Statistic
	p-value
	Significant Level
	Conclusion

	Degree
	0.516
	4.63E-61
	0.05
	Significant difference

	Strength
	0.582
	9.83E-79
	0.05
	Significant difference

	Clustering Coefficient
	0.178
	2.46E-07
	0.05
	Significant difference





S3 The pseudocode of the model
// 1. VARIABLE DEFINITIONS
- G(V, E): Supply Chain Network (V = nodes, E = weighted edges)
- L(v): Current load of node v
- Cmax(v), Cmin(v): The overload and underload capacity upper limit of node v
- Cthup(v), Cthlo(v): The overload and underload adaptive upper limit of node v
- Cupper(v), Clower(v): The overload and underload upper limit of node v
- S(v): Node strength (sum of adjacent edge weights)
- Vf: A list of failed nodes; 
- vf: A node in Vf
- Vnext: A list of nodes to fail in next iteration
- Voverload: A list of nodes in overload state (Cmax < L ≤ Cupper)
- Vunderload: A list of nodes in underload state (Clower ≤ L < Cmin)
- Vstable: A list of nodes in normal state (Cmin ≤ L ≤ Cmax)
- t: Current time tick in one iteration of a simulation cycle
- max_steps = 20: Maximum iterations

- : The proportion of the redistributed load from vi to vh,     

- : The proportion of the redistributed load from vi to vj
- The expected potential node: The load after being affected by nodes two hops away from a certain node
- Two_hop_overload: A list of nodes in adaptive overload state
- Two_hop_underload: A list of nodes in adaptive underload state

- : The redundant capacity of a node at time t (e.g.,vi'') 

- : The probability of a node (e.g., vi'') being selected

- : The actual capacity expanded from vi'' to vh     

- : The actual expanded capacity obtain from vi' to vj

- : The scale of the capacity limit adjustment through the node’s own adjustment ability
// 2. SIMULATION INITIALIZATION
Initialize:
    1. Load network G(V, E) with edge weights
    2. For each node v ∈ V:
        a. Calculate L(v) and S(v)
        b. Set capacity parameters:
            Cmax(v); Cmin(v); Cthup(v); Cthlo(v); Cupper(v); Clower(v)
        c. Status: “stable”
    3. Initialize Vf (Failed nodes by random or target shock)
    4. t = 0; 
// 3. MAIN PROGRAM
FOR t FROM 0 TO max_steps AND Vf ≠ ∅:
    // 3.1 Process current failures
    FOR each vf ∈ Vf:
        Mark as “failed”; Record failure time(t)
        Remove from network
// 3.2 Load redistribution
FOR each vf ∈ Vf: 
    upstream_neighbors = predecessors(vf)  // Upstream nodes 
    downstream_neighbors = successors(vf)  // Downstream nodes 
    FOR each vh ∈ upstream_neighbors WHERE vh ∉ Vf:

        L(vh) += L(vh) ×    
    FOR each vj ∈ downstream_neighbors WHERE vj ∉ Vf:

        L(vh) -= L(vh) ×   
    // 3.3 Classify node states
    Vstable, Voverload, Vunderload, Vnext = ∅, ∅, ∅, ∅
    FOR each vu ∉ Vf:
        IF L(vu) > Cupper(vu) OR L(vu) < Clower(vu):
            Vnext.add(vu)  Vf.add(vu)  // Immediate failure, failure state
        ELSE IF Cmax(vu) < L(vu) ≤ Cupper(vu):
            Voverload.add(vu)  // Overload risk state
        ELSE IF Clower(vu) ≤ L(vu) < C_min(vu):
            Vunderload.add(vu)  // Underload risk state
        ELSE:
            Vstable.add(vu)  // Normal state
    // 3.4 Execute independent recovery strategies
// 3.4.1 Risk recovery (applied to nodes in risk state)
FOR each vh ∈ Voverload:
        success = risk_recovery_overload(vh, Vstable)
        IF NOT success: Voverload.remove(vh) Vnext.add(vh) Vf.add(vh)
        ELSE: Voverload.remove(vh) Vstable.add(vh)
    FOR each vj ∈ Vunderload:
success = risk_recovery_underload(vj, Vstable)
        IF NOT success: Vunderload.remove(vj) Vnext.add(vj) Vf.add(vj)
ELSE: Vunderload.remove(vj) Vstable.add(vj)
// 3.4.2 Adaptive recovery (two-hop nodes with conditions)
// Step 1: Process upstream/downstream neighbors and extended neighbors of overload nodes
two_hop_overload = ∅; two_hop_underload = ∅
FOR each vh ∈ Voverload: /
    up_neighbors_g = predecessors(vh)  // Upstream neighbors
    down_neighbors_i′ = successors(vh)  // Downstream neighbors 
    FOR each vg ∈ up_neighbors_g WHERE vg ∈ Vstable:
        g_up_m = predecessors(vg)  // Upstream neighbors of vg
        g_down_h′ = successors(vg)  // Downstream neighbors of vg
        FOR each vm ∈ g_up_m WHERE (vm ∉ Vf ∪ Vunderload ∪ Voverload):
LUP = update_neighbor_loads(vm)  // Draw LUP according to the expected potential load 
            IF (LUP(vm) > Cthup(vm) AND LUP(vm) ≤ Cmax(vm)):
                two_hop_overload.add(vm)  // Adaptive overload state
        FOR each vh' ∈ g_down_h′ WHERE (vh' ∉ Vf ∪ Vunderload ∪ Voverload):
LUP = update_neighbor_loads(vh')  // Draw LUP according to the expected potential load 
            IF (LUP(vh') < Cthlo(vh') AND LUP(vh') ≥ Cmin(vh')):
                two_hop_underload.add(vh')  // Adaptive underload state
    // Process extended neighbors of downstream neighbors vi'
    FOR each vi' ∈ down_neighbors_i′ WHERE vi' ∈ Vstable:
        i′_up_h″ = predecessors(vi')  // Upstream neighbors of vi'
        i′_down_j″ = successors(vi')  // Downstream neighbors of vi'
        FOR each vh'' ∈ i′_up_h″ WHERE vh'' ∉( Vf ∪ Vunderload ∪ Voverload):
LUP = update_neighbor_loads(vh'')  // Draw LUP according to the expected potential load 
            IF (LUP(vh'') > Cthup(vh'') AND LUP(vh'') ≤ Cmax(vh'')):
                two_hop_overload.add(vh'')  // Adaptive overload state
        FOR each vj'' ∈ i′_down_j″ WHERE vj'' ∉ (Vf ∪ Vunderload ∪ Voverload):
LUP = update_neighbor_loads(vj'')  // Draw LUP according to the expected potential load 
            IF (LUP(vj'') < Cthlo(vj'') AND LUP(vj'') ≥ Cmin(vj'')):
                two_hop_underload.add(vj'')  // Adaptive underload state    
// Step 2: Process upstream/downstream neighbors and extended neighbors of underload nodes
two_hop_overload = ∅; two_hop_underload = ∅
FOR each vj ∈ Vunderload: 
    up_neighbors_i’’ = predecessors(vj)  // Upstream neighbors
    down_neighbors_k = successors(vj)  // Downstream neighbors 
    FOR each vi'' ∈ up_neighbors_i’’ WHERE vi'' ∈ V_stable:
        i″_up_h‴ = predecessors(vi'')  // Upstream neighbors of vi''
        i″_down_j⁗ = successors(vi'')  // Downstream neighbors of vi''
        FOR each vh‴ ∈ g_up_h‴ WHERE vh‴ ∉ Vf ∪ Vunderload ∪ Voverload):
LUP = update_neighbor_loads(vh‴)  // Draw LUP according to the expected potential load
            IF (LUP(vh‴) > Cthup(vh‴) AND LUP(vh‴) ≤ Cmax(vh‴)):
                two_hop_overload.add(vh‴)  // Adaptive overload state
        FOR each vj⁗ ∈ i″_down_j⁗ WHERE vj⁗ ∉ (Vf ∪ Vunderload ∪ Voverload):
LUP = update_neighbor_loads(vj⁗)  // Draw LUP according to the expected potential load
            IF (LUP(vj⁗) < Cthlo(vj⁗) AND LUP(vj⁗) ≥ Cmin(vj⁗)):
                two_hop_underload.add(vj⁗)  // Adaptive underload state
    // Process extended neighbors of downstream neighbors vk
    FOR each vk ∈ down_neighbors_k WHERE vk ∈ Vstable:
        k_up_j‴ = predecessors(vk)  // Upstream neighbors of vk
        k_down_n = successors(vk)  // Downstream neighbors of vk
        FOR each vj‴ ∈ k_upstream_j‴ WHERE vj‴ ∉ (Vf ∪ Voverload ∪ Vunderload)
LUP = update_neighbor_loads(vj‴)  // Draw LUP according to the expected potential load
            IF (LUP(vj‴) > Cthup(vj‴) AND LUP(vj‴) ≤ Cmax(vj‴)):
                two_hop_overload.add(vj‴)  // Adaptive overload state
        FOR each vn ∈ k_down_n WHERE vn ∉ (Vf ∪ Vunderload ∪ Voverload): 
LUP = update_neighbor_loads(vn)  // Draw LUP according to the expected potential load
            IF (LUP(vn) < Cthlo(vn) AND LUP(vn) ≥ Cmin(vn)):
                two_hop_underload.add(vn)  // Adaptive underload state    
// Step 3: Apply adaptive recovery
FOR each vw ∈ two_hop_overload:
        adapt_recovery(vw, is_overload=True)
FOR each vp ∈ two_hop_underload:
adapt_recovery(vp, is_underload=True)
// 3.5 Update state for next iteration
IF Vnext = ∅:
        BREAK  // No further failures will occur
    Vf = Vnext; t += 1
    IF t = max_steps:
        BREAK
// 4. CASCADING_FAILURE MODULE FUNCTIONS
// 4.1 Risk recovery strategy 
FUNCTION risk_recovery_overload(vh, Vstable):

redundant capacity = 

    candidates = OBTAIN [vi'' ∈ downstreams(vh) ∩Vstable] based on probabilities according to  
IF candidates = ∅: RETURN FALSE
Total_share = 0
FOR each vi'' ∈ candidates:

Total_share += 
IF Total_share ≤ 0: RETURN FALSE 
Cmax(vh) = Cmax(vh) + Total_share
IF L(vh) ≤ Cmax(vh): RETURN TRUE 
ELSE: RETURN FALSE
FUNCTION risk_recovery_underload(vj, Vstable):

    candidates = OBTAIN [vi' ∈ upstreams(vj) ∩Vstable] based on probabilities according to  
IF candidates = ∅: 
RETURN FALSE
Total_share = 0
FOR each vi' ∈ candidates:

Total_share += 
IF Total_share ≤ 0: RETURN FALSE 
Cmin(vj) = Cmin(vj) - Total_share
IF L(vj) ≥ Cmin(vj): RETURN TRUE 
ELSE: RETURN FALSE
// 4.2 Adaptive recovery strategy (two-hop triggered)
FUNCTION adapt_recovery(vm, is_adaptive_overload, is_adaptive_underload):    
IF is_adaptive_overload:

        Prepare capacity = 
Cthup(vm) = Cthup(vm) + Prepare capacity
        Cmax(vm) = max(Cmax(vm), Cthup(vm))
    ELSE:// Prepare for potential underload propagation

        Prepare capacity = 
Cthlo(vm) = Cthlo(vm) - Prepare capacity
        Cmin(vm) = min(Cmin(vm), Cthlo(vm))
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