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Abstract 

Manufacturing supply chains are vulnerable to disruptions such as supply delays, demand fluctuations, 

equipment failures, and logistics interruptions, which may cause inventory imbalance, capacity 

reduction, and delivery delays. Existing studies often rely on predefined scenarios and static 

indicators, limiting the characterization of dynamic degradation and recovery processes. This study 

proposes a generative artificial intelligence–enabled simulation-based method for manufacturing 

supply chain resilience assessment. A discrete-event simulation model integrating suppliers, 

inventories, production workshops, finished-goods warehouses, and customer orders was developed. 

Generative artificial intelligence was used to generate diverse disruption scenarios, which were 

converted into structured simulation inputs. Through multiple simulation experiments, resilience was 

evaluated based on performance degradation, recovery time, order fulfilment, inventory stability, and 

operational cost. The proposed framework supports supply chain stress testing, vulnerability 

identification, and recovery strategy evaluation under complex disruptions. 
(Received in May 2026, accepted in July 2026. This paper was with the authors 3 weeks for 2 revisions.) 
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1. INTRODUCTION 

Manufacturing supply chains are composed of interconnected and coupled processes, 

including supply, production, inventory management, logistics, and demand fulfilment. With 

the increasing complexity of manufacturing networks and the growing prevalence of external 

uncertainties, supply chain disruptions are no longer confined to individual nodes; instead, 

their impacts are often propagated across multiple operational stages and subsequently 

amplified throughout the system [1, 2]. Supply delays may lead to raw material shortages and 

fluctuations in production rhythms, equipment failures may result in capacity reductions and 

order backlogs, and demand surges may intensify finished-goods inventory depletion and 

delivery pressures [3, 4]. Under scenarios characterized by the coexistence of multiple 

disruption types, supply chain performance degradation and system recovery exhibit 

pronounced dynamic and nonlinear characteristics. Consequently, the characterization of 

disruption propagation processes through simulation techniques and the evaluation of supply 

chain resistance and recovery capabilities have become critical issues in the field of 

production simulation. 

      Supply chain resilience is generally defined as the capability of a system to maintain 

critical functions under disruptive impacts and to recover to an acceptable operational state. 

Extensive efforts have been devoted to resilience assessment, risk propagation analysis, and 

recovery strategy optimization [5, 6]. Nevertheless, two major limitations remain. First, many 

existing studies have emphasized static evaluation approaches, making it difficult to capture 

degradation pathways and recovery processes following disruptions. Second, simulation 

scenarios have frequently been generated through manual configuration and have typically 

encompassed only a limited number of representative disruptions, thereby restricting the 

ability to reflect complex disturbances characterized by multiple disruption types, varying 
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intensities, and multi-node interactions [7, 8]. Discrete-event simulation enables the dynamic 

representation of events such as order arrivals, inventory fluctuations, production processing, 

replenishment deliveries, and disruption occurrences, and has therefore been recognized as an 

important tool for manufacturing supply chain resilience analysis [9, 10]. However, the 

effectiveness of simulation models is largely determined by the coverage and stress-testing 

value of the disruption scenarios employed. When scenarios continue to be generated 

primarily on the basis of manual experience, the representativeness of simulation outcomes 

may be constrained [11-14]. A new approach to disruption scenario generation has been 

provided by generative artificial intelligence. Rather than replacing simulation models in 

directly assessing resilience, generative artificial intelligence can be utilized to generate 

diverse disruption scenarios and candidate recovery strategies according to supply chain 

structures, node constraints, and operational rules [15]. In this context, generative artificial 

intelligence is responsible for expanding the space of potential disruptive events, whereas 

discrete-event simulation is employed to evaluate their operational consequences. As a result, 

an interpretable and reproducible resilience assessment process can be established. 

      To address the aforementioned challenges, a generative artificial intelligence–enabled 

simulation-based assessment method for manufacturing supply chain resilience is proposed. 

The primary contributions are summarized as follows. First, a coupled framework integrating 

generative artificial intelligence–driven disruption scenario generation with discrete-event 

simulation is developed. Second, a dynamic simulation model of a manufacturing supply 

chain is established to represent supply, production, inventory, and delivery processes. Third, 

resilience performance under single disruptions, compound disruptions, and recovery 

strategies is compared through multiple simulation experiments, thereby providing 

quantitative support for supply chain stress testing and strategy optimization. The remainder 

of this study is organized as follows. Section 2 presents the research methodology and 

simulation model. Section 3 describes the simulation experiments and analyses the results. 

Section 4 discusses the applicability and scope of the proposed method. Section 5 summarizes 

the major findings and outlines future research directions. 

2. SIMULATION-BASED ASSESSMENT METHOD 

2.1  Methodological framework 

The evaluation of manufacturing supply chain resilience requires more than determining 

whether performance declines following a disruption. More importantly, the manner in which 

disruptions propagate across supply, production, inventory, and delivery processes, as well as 

the mechanisms through which the system recovers to an acceptable operational state, must be 

characterized. Based on this perspective, generative artificial intelligence is integrated into the 

manufacturing supply chain simulation process to expand the disruption scenario space, while 

discrete-event simulation is employed to represent the dynamic evolution of supply chain 

operating states. In this manner, a resilience assessment method oriented toward disruption 

stress testing is established. 

      Fig. 1 illustrates the coupled framework for generative artificial intelligence–driven 

manufacturing supply chain resilience assessment. Within this framework, generative 

artificial intelligence is not utilized to directly assess resilience. Instead, candidate disruption 

scenarios and recovery strategies are generated according to supply chain structures, node 

capabilities, inventory constraints, and operational rules. Following parameter constraint 

verification and logical consistency validation, the generated scenarios are transformed into 

event-based inputs that can be recognized by the simulation model. The discrete-event 

simulation model is subsequently employed to evaluate the impacts of different scenarios on 

order fulfilment performance, inventory levels, capacity utilization, and recovery time within 
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a unified operating environment. Consequently, the primary role of generative artificial 

intelligence is to address the limitation of insufficient disruption scenario coverage, whereas 

the simulation model provides a reproducible and comparable experimental foundation for 

supply chain resilience assessment. 

 

Figure 1: Coupled framework for generative artificial intelligence–driven manufacturing supply chain 

resilience assessment. 

      The proposed method is implemented through the following procedure. First, a baseline 

simulation model of the manufacturing supply chain is established to represent the processes 

of order arrivals, material replenishment, production processing, inventory fluctuations, and 

order fulfilment under normal operating conditions. Subsequently, disruption scenarios 

generated by generative artificial intelligence, including supply delays, demand surges, 

equipment failures, logistics delays, and compound disruptions, are introduced into the 

simulation environment. Based on the simulation outputs, metrics, including performance 

degradation, recovery time, order fulfilment performance, inventory stability, and operational 

cost, are then computed. Finally, the effectiveness of alternative recovery strategies is 

compared under identical disruption conditions, thereby enabling the identification of supply 

chain vulnerabilities and the determination of the applicability boundaries of different 

recovery strategies. 

2.2  Simulation object and system boundaries 

A typical discrete manufacturing supply chain is considered as the research object. The 

system consists of suppliers, raw material inventory, production workshops, finished-goods 

inventory, logistics distribution, and customer order fulfilment. Suppliers are responsible for 

providing critical materials, while raw material inventory is utilized to buffer fluctuations in 

supply lead times. Production tasks are released by the production workshop according to 

customer order requirements and inventory conditions. Finished-goods inventory serves as a 

buffer against demand fluctuations, whereas the logistics distribution stage determines the 

final order fulfilment time. This structure is capable of representing the typical "supply–

production–delivery" operational chain commonly observed in discrete manufacturing 

environments and facilitates the analysis of disruption propagation across different nodes of 

the supply chain. The internal operational logic and state evolution process of the 

manufacturing supply chain discrete-event simulation model are illustrated in Fig. 2. 
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Figure 2: Internal operational logic and state evolution of the manufacturing supply chain discrete-

event simulation model. 

      To enhance the interpretability of the production simulation, the research scope is 

confined to the operational processes of a manufacturing enterprise and its direct upstream 

and downstream partners, while the evolution of macro-level industrial supply chain 

structures is excluded from consideration. The state of the simulation system at time t can be 

expressed as: 

𝑋(𝑡) = {Ir(t), If(t), Cp(t), D(t), Ls(t), To(t), B(t)} (1) 

where, Ir(t) denotes the raw material inventory, If (t) denotes the finished-goods inventory, Cp(t) 

denotes the available production capacity, D(t) denotes customer demand, Ls(t) denotes the 

supply lead time, To(t) denotes the order fulfilment cycle, and B(t) denotes the volume of 

backlogged orders. These state variables collectively capture the primary material flows and 

order flows within the manufacturing supply chain and provide a unified state representation 

for subsequent disruption injection and resilience assessment. 

2.3  Discrete-event simulation model 

Discrete-event simulation is employed to represent state transitions within the supply chain 

system under event-driven dynamics. The principal events incorporated into the model 

include order arrivals, material deliveries, production task releases, processing completions, 

inventory deductions, logistics dispatches, disruption occurrences, and recovery strategy 

activations. Compared with continuous-time models, discrete-event simulation is better suited 

to representing operational processes in manufacturing systems that are driven by orders, 

production batches, replenishment activities, and equipment state changes. 

      Under baseline operating conditions, the actual output of the production workshop is 

jointly constrained by the available production capacity, raw material inventory, and 

backlogged production orders: 

Q
p
(t) = min{Cp(t), Ir(t), Db(t)} (2) 

where, Qp(t) denotes the actual production output at time t, and Db(t) denotes the volume of 

backlogged production orders. The raw material inventory and finished-goods inventory are 

dynamically updated according to the production and order fulfilment processes: 

Ir(t + 1) = Ir(t) + S(t) – Q
p
(t) (3) 

If(t + 1) = If(t) + Q
p
(t) – Q

d
(t) (4) 

where, S(t) denotes the material delivery quantity, and Qd (t) denotes the order fulfilment 

quantity. Supply delays primarily affect S(t) and its arrival timing, whereas equipment failures 

directly alter Cp(t). Demand surges are reflected by increases in D(t) or Db(t), while logistics 
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delays result in extensions of To(t). Through this parameter-mapping mechanism, different 

types of disruptions can be incorporated into a unified simulation framework and 

subsequently manifested as changes in inventory levels, production capacity, and order 

fulfilment status during the simulation time advancement process. 

2.4  Generative artificial intelligence–based disruption scenario generation 

Traditional supply chain simulation studies have often relied on a limited number of 

predefined disruption scenarios, such as increases in supply lead times, demand growth, or 

equipment shutdowns. Although such settings facilitate variable control, they are inherently 

constrained by researcher experience and may fail to adequately capture complex situations 

involving multiple nodes, varying disruption intensities, and the simultaneous occurrence of 

multiple disruptions. To enhance the coverage of the disruption scenario space, generative 

artificial intelligence is introduced for candidate disruption scenario generation. 

      The inputs to the generative artificial intelligence module include information on supply 

chain node types, node capability constraints, inventory upper and lower limits, supply lead-

time ranges, equipment availability, order fluctuation ranges, and logistics cycles. The outputs 

are not generated as free-text descriptions but are instead transformed into structured 

disruption events. The kth disruption scenario is represented as: 

Sk = {Nk, Tk, Ak, dk, τk} (5) 

where, Nk denotes the disrupted node, Tk denotes the disruption type, Ak denotes the disruption 

intensity, dk denotes the disruption duration, and τk denotes the disruption occurrence time. 

The disruption types include supply delays, supply disruptions, equipment failures, demand 

surges, logistics delays, and compound disruptions. To prevent generated scenarios from 

exceeding the boundaries of the simulation system, validation rules are established with 

respect to node existence, parameter value ranges, disruption duration, and event sequencing. 

Only scenarios that satisfy all constraint conditions are incorporated into the simulation 

experiments. 

      Through this design, the role of generative artificial intelligence is explicitly confined to 

the disruption scenario generation layer. In other words, generative artificial intelligence is 

utilized to expand the space of potential disruption combinations rather than to directly assess 

supply chain resilience. Whether a disruption scenario produces significant operational 

impacts, and whether alternative recovery strategies are effective, is determined exclusively 

through the results of the subsequent simulation experiments. 

2.5  Resilience assessment metrics 

Supply chain resilience is characterized by a process-oriented nature, encompassing not only 

the extent of performance degradation following disruptions but also the ability of the system 

to maintain essential functions and recover to a stable operating state. In this study, resilience 

is evaluated from five dimensions: performance degradation, recovery efficiency, order 

fulfilment performance, inventory stability, and operational cost. The performance 

degradation ratio is defined as: 

PDR =
P0 – Pmin

P0

 (6) 

where, P0 denotes the system performance under baseline operating conditions, and Pmin 

denotes the minimum performance observed during the post-disruption observation period. 

The recovery time is defined as: 

RT = tr – td (7) 

where, td denotes the time at which the disruption occurs, and tr denotes the time at which the 

system recovers to a predefined stability threshold. In addition to the above metrics, the on-
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time order fulfilment rate, average order delay time, inventory stockout rate, capacity 

utilization rate, and operational cost are selected as supplementary assessment metrics to 

characterize the overall performance of the supply chain in terms of service level, resource 

stability, and economic efficiency. 

      The composite resilience index is expressed as: 

RI = w1Rp + w2Ro + w3Ri + w4Rt + w5Rc (8) 

where, Rp denotes the capacity recovery level, Ro denotes the order fulfilment performance 

level, Ri denotes inventory stability, Rt denotes recovery time performance, Rc denotes cost 

control capability, and wi denotes the corresponding weight assigned to each component. All 

component metrics are normalized prior to calculation to ensure comparability among 

indicators with different measurement scales. 

2.6  Recovery strategy simulation validation 

Building upon the disruption scenario simulations, the effectiveness of alternative recovery 

strategies is further evaluated. Candidate recovery strategies are generated by generative 

artificial intelligence according to the disruption type, affected nodes, and observed 

performance degradation. These strategies include increasing safety stock levels, activating 

backup suppliers, adjusting production schedules, expediting logistics distribution, 

implementing temporary outsourced production, and adopting multi-strategy combinations. 

Each strategy is subsequently translated into parameter modifications within the simulation 

model, such as increasing safety stock thresholds, reducing replenishment lead times, 

accelerating production capacity recovery, or shortening logistics cycles. 

      The effectiveness of recovery strategies is not determined on the basis of textual 

recommendations generated by generative artificial intelligence. Instead, it is evaluated 

through repeated simulation experiments conducted under identical disruption scenarios. 

Three experimental settings are considered: no recovery strategy, a single recovery strategy, 

and combined recovery strategies. The resulting differences in recovery time, on-time order 

fulfilment rate, inventory fluctuations, and operational cost are compared across these settings. 

Through this approach, the applicability of different recovery strategies under specific 

disruption conditions can be assessed, while the trade-off between resilience improvement 

and cost increase can also be revealed. 

      An analytical framework consisting of disruption scenario generation, simulation-based 

evaluation, resilience assessment, and recovery strategy validation is thereby established. 

Generative artificial intelligence is utilized to expand the space of disruption scenarios and 

recovery strategies, whereas discrete-event simulation is employed to evaluate the dynamic 

response of the system. Resilience assessment metrics are subsequently used to quantify 

operational differences across alternative scenarios and recovery strategies. In this manner, 

the advantages of generative artificial intelligence in constructing complex disruption 

scenarios are retained, while the risk of treating generated outputs as unverifiable decision-

making evidence is avoided. 

3. PERFORMANCE EVALUATION OF THE GENERATIVE AI-BASED 

ASSESSMENT FRAMEWORK 

3.1  Simulation settings 

To validate the effectiveness of the proposed method, a typical discrete manufacturing supply 

chain simulation scenario was established. The system consisted of suppliers, raw material 

inventory, production workshops, finished-goods inventory, logistics distribution, and 

customer order fulfilment. The simulation horizon was set to 120 days, of which the first 20 
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days were designated as a stable operating period. During the subsequent period, different 

disruption scenarios were introduced according to the experimental design. Each experiment 

was independently repeated 30 times, and the average values were reported. Table I shows the 

baseline parameters. 

Table I: Baseline parameters of the manufacturing supply chain simulation. 

Parameter 
Simulation 

horizon 

Average 

daily order 

demand 

Maximum 

daily 

production 

capacity 

Supply 

lead 

time 

Initial 

raw 

material 

inventory 

Initial 

finished-

goods 

inventory 

Standard 

logistics 

cycle 

Equipment 

availability 

Value 120 days 100 units/day 
120 

units/day 
5 days 

3,000 
units 

1,500 
units 

2 days 95 % 

      The parameter settings presented in Table I are designed to provide the system with a 

moderate level of production capacity redundancy and inventory buffering under normal 

operating conditions. However, this redundancy is insufficient to completely absorb persistent 

disruptions or compound disruptions. Consequently, the configuration is suitable for 

observing the degradation and recovery processes of the manufacturing supply chain under 

different disruption conditions. 

3.2  Baseline scenario simulation 

In the baseline scenario, no additional disruptions were introduced. Suppliers delivered 

materials according to the standard supply lead time, equipment operated at the predefined 

availability level, and customer demand remained within its normal fluctuation range. This 

experiment was conducted to verify the stability of the simulation model under normal 

operating conditions and to provide a benchmark for subsequent disruption experiments. The 

variations in the key operational indicators of the supply chain under the baseline scenario are 

presented in Fig. 3. 

 

Figure 3: Variations in key operational indicators of the supply chain under the baseline scenario. 

      As shown in Fig. 3, stable operation of the supply chain was maintained in the absence of 

external disruptions. The on-time order fulfilment rate was consistently maintained between 

95.8 % and 97.5 %, indicating that normal demand fluctuations could be effectively absorbed 

by the system. The volume of backlogged orders fluctuated only slightly within the range of 

76–143 units, and no persistent accumulation of backlogged orders was observed. The 

finished-goods inventory was generally maintained within the range of 718–855 units, 

suggesting that effective buffering was achieved between production output and order 
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fulfilment. Meanwhile, the capacity utilization rate remained stable between 82.1 % and 

85.1 %, indicating that available production capacity was sufficient to satisfy normal 

customer demand while retaining a certain level of capacity redundancy. Overall, a stable 

operational state was observed under the baseline scenario. No abnormal fluctuations were 

detected in service performance, inventory conditions, or capacity utilization. These results 

demonstrate that the established discrete-event simulation model is capable of reasonably 

representing the normal operating processes of a manufacturing supply chain and can 

therefore serve as a benchmark for subsequent disruption injection experiments and recovery 

strategy comparisons. 

3.3  Resilience response under single-disruption scenarios 

Four single-disruption scenarios were designed, including supply delays, demand surges, 

equipment failures, and logistics delays. Each disruption was triggered on Day 35 and 

affected the corresponding system parameters throughout the specified disruption duration. 

The simulation results are presented in Table II. 

Table II: Supply chain resilience results under single-disruption scenarios. 

Scenario Disruption setting 
On-time order 

fulfilment rate 

Maximum 

backlogged orders 

Recovery 

time 

Operational 

cost increase 

Resilience 

index 

S1 

Increase of the supply 

lead time from 5 days 

to 8 days 
88.6 % 502 units 12 days 6.8 % 0.803 

S2 

Increase of the 

customer demand by 

40 % 
86.9 % 641 units 14 days 7.5 % 0.784 

S3 

Reduction of 

available production 

capacity by 30 % 
90.2 % 438 units 10 days 5.6 % 0.825 

S4 

Increase of the 

logistics cycle from 2 

days to 5 days 
91.4 % 356 units 9 days 4.1 % 0.842 

      As shown in Table II, reductions in supply chain resilience were observed under all four 

single-disruption scenarios, although the severity of their impacts differed considerably. 

Under the demand surge scenario, the on-time order fulfilment rate decreased to 86.9 %, the 

maximum volume of backlogged orders reached 641 units, and the recovery time was 

extended to 14 days. Consequently, the lowest resilience index, equal to 0.784, was recorded. 

These results indicate that demand-side disruptions can rapidly deplete finished-goods 

inventory and directly amplify order backlogs. Under the supply delay scenario, a resilience 

index of 0.803 was obtained. The adverse effects were primarily propagated from insufficient 

raw material replenishment to the production stage. Although equipment failures directly 

reduced available production capacity, a shorter disruption duration resulted in a recovery 

time that was lower than those observed under the supply delay and demand surge scenarios. 

In contrast, logistics delays primarily affected the order fulfilment cycle and exerted relatively 

limited impacts on the production and inventory systems. As a result, the highest resilience 

index was observed under this scenario. These findings suggest that manufacturing supply 

chain resilience should not be evaluated solely on the basis of a single delivery-related metric. 

Different disruption types influence inventory conditions, production capacity, order backlogs, 

and recovery time through distinct propagation pathways. Therefore, a comprehensive 

assessment can only be achieved through simulation-based analysis of the dynamic system 

response. 
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3.4  Stress testing under compound disruption scenarios 

To evaluate the role of generative artificial intelligence in constructing complex disruption 

scenarios, compound disruption scenarios were generated under the constraints of the supply 

chain structure and operational parameters. Following rule-based validation, the generated 

scenarios were incorporated into the simulation model. The results of the compound 

disruption experiments are presented in Table III. 

Table III: Supply chain resilience results under compound disruption scenarios. 

Scenario 
Compound 

disruption setting 

On-time order 

fulfilment rate 

Maximum 

backlogged orders 

Recovery 

time 

Operational 

cost increase 

Resilience 

index 

C1 
Supply delay + 

demand surge 
77.8 % 1,180 units 24 days 17.9 % 0.648 

C2 
Equipment failure 

+ logistics delay 
82.6 % 912 units 19 days 13.2 % 0.702 

C3 

Supply disruption 

+ production 

capacity reduction 
74.1 % 1,426 units 28 days 22.1 % 0.596 

C4 

Demand surge + 

supply delay + 

logistics delay 
70.5 % 1,648 units 31 days 25.7 % 0.552 

      Compared with the single-disruption scenarios, substantially greater systemic pressure 

was imposed on the supply chain under compound disruption conditions. Under scenario C4, 

the on-time order fulfilment rate declined to 70.5 %, the maximum volume of backlogged 

orders increased to 1,648 units, and the recovery time was extended to 31 days. Consequently, 

the resilience index decreased to 0.552. In this scenario, finished-goods inventory was 

initially depleted by the demand surge, subsequent material replenishment was constrained by 

supply delays, and the order fulfilment cycle was further extended by logistics delays. As 

these disruptions overlapped temporally, a continuous disruption cascade was formed. A 

resilience index of 0.596 was observed under scenario C3, which was also markedly lower 

than those observed under scenarios C1 and C2. These results indicate that when both supply 

inputs and production outputs are simultaneously constrained, substantially greater challenges 

are imposed on system recovery. 

      The results presented in Table III further indicate that the impacts of compound 

disruptions cannot be interpreted as a simple summation of the effects of individual 

disruptions. For example, under scenario C1, where supply delays and demand surges 

occurred simultaneously, the recovery time reached 24 days, which was considerably longer 

than the recovery times observed under either single-disruption scenario. This finding 

suggests that the compound disruption scenarios generated through generative artificial 

intelligence can complement manually predefined scenarios by identifying combined risk 

patterns that may otherwise be overlooked. As a result, the comprehensiveness of supply 

chain stress testing can be enhanced. 

3.5  Simulation comparison under different recovery strategies 

In the recovery strategy experiments, scenario C4, which exhibited the strongest disruption 

impact, was selected as the test case. System performance was compared under conditions 

with no recovery strategy, a single recovery strategy, and combined recovery strategies. For 

the strategy settings, R0 represents the absence of recovery measures, R1 represents an 

increase in safety stock levels, R2 represents the activation of backup suppliers, R3 represents 

the adjustment of production scheduling priorities, R4 represents the adoption of expedited 
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logistics distribution, and R5 represents a combined recovery strategy consisting of backup 

suppliers, production scheduling adjustment, and expedited logistics distribution. The 

resilience index and operational cost increase associated with the different recovery strategies 

under scenario C4 are presented in Fig. 4. 

 

Figure 4: Comparison of the resilience index and cost increase under different recovery strategies in 

scenario C4. 

      As shown in Fig. 4, improvements in supply chain resilience were achieved under all 

recovery strategies, although the magnitude of improvement and the associated cost 

implications differed substantially. Under the no-strategy condition, the resilience index 

remained at only 0.552. Following the implementation of individual recovery strategies, the 

resilience index was increased to a range of 0.610–0.668. Among the single recovery 

strategies, the activation of backup suppliers produced the most pronounced improvement, 

resulting in a resilience index of 0.668. This finding indicates that replenishment capability 

constitutes a critical constraint on system recovery under the C4 compound disruption 

scenario. In contrast, although expedited logistics distribution improved responsiveness at the 

order fulfilment stage, the operational cost increase reached 33.7 %, while the resilience index 

increased only to 0.626. These results suggest that its effectiveness in mitigating upstream 

supply shortages and inventory depletion is relatively limited. 

      The combined recovery strategy (R5) exhibited the best overall performance, with the 

resilience index increasing to 0.752, which was substantially higher than the values achieved 

under any individual recovery strategy. However, the corresponding cost increase also rose to 

36.9 %. These results indicate that, under high-intensity compound disruptions, a single 

recovery measure is unlikely to simultaneously address disruptions across the supply, 

production, and delivery stages. In contrast, combined recovery strategies provide a stronger 

capability for system recovery. At the same time, resilience enhancement is not achieved 

without additional cost, and recovery strategy selection should therefore be guided by a trade-

off between recovery effectiveness and operational cost. 

3.6  Comparison of scenario generation methods 

To further examine the role of generative artificial intelligence in disruption scenario 

construction, a comparison was conducted between manually predefined scenario generation 

and generative artificial intelligence–constrained scenario generation. The results are 

presented in Table IV. As shown in Table IV, the generative artificial intelligence–

constrained scenario generation method was capable of substantially expanding the disruption 

scenario space. Compared with manually predefined scenarios, the number of valid scenarios 

increased from 12 to 48, while the proportion of compound scenarios increased from 33.3 % 

to 62.5 %. Furthermore, the number of identified high-risk scenarios increased from 4 to 14. 
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The lower minimum resilience index indicates that generative artificial intelligence is able to 

identify high-stress scenarios that are less likely to be captured through manually predefined 

approaches. 

Table IV: Comparison of different scenario generation methods. 

Scenario generation 

method 

Number of 

valid 

scenarios 

Proportion of 

compound 

scenarios 

Number of 

high-risk 

scenarios 

Minimum 

resilience 

index 

Simulation 

time 

(minutes) 

Manually predefined 

scenario generation 
12 33.3 % 4 0.648 31 

Generative artificial 

intelligence–constrained 

scenario generation 
48 62.5 % 14 0.552 126 

Note: High-risk scenarios refer to disruption scenarios with a resilience index lower than 0.70. 

      At the same time, a noticeable increase in simulation time was observed when the 

generative artificial intelligence–based method was adopted, and all generated scenarios were 

still required to undergo rule-based validation before implementation. These findings suggest 

that the value of generative artificial intelligence does not lie in replacing manual modelling, 

but rather in expanding the space of potential disruption combinations. A more practical 

approach is for generative artificial intelligence to generate candidate disruption scenarios, 

followed by the screening of feasible scenarios through parameter constraints, and finally the 

evaluation of their actual impacts through discrete-event simulation. 

4. CONCLUSIONS AND FUTURE RESEARCH 

A generative artificial intelligence–enabled simulation-based assessment framework for 

manufacturing supply chain resilience was established by integrating disruption scenario 

generation, discrete-event simulation, and resilience assessment metrics into a unified 

analytical process. The results indicate that generative artificial intelligence is well suited for 

expanding the disruption scenario space, whereas discrete-event simulation is capable of 

characterizing the processes of performance degradation and system recovery under 

disruptive conditions. The simulation results further demonstrate that different disruption 

types affect manufacturing supply chain resilience through distinct propagation pathways. 

Supply delays are primarily transmitted to the production stage through raw material 

inventory shortages, demand surges directly affect finished-goods inventory and order 

fulfilment, and equipment failures reduce available production capacity and subsequently lead 

to order backlogs. Compared with manually predefined scenarios, the compound disruption 

scenarios generated through generative artificial intelligence were found to expose high-risk 

disruption combinations more effectively. In addition, the comparison of recovery strategies 

revealed that combined recovery strategies generally provide superior resilience improvement, 

although higher operational costs are incurred. Consequently, trade-offs among recovery 

speed, service performance, and economic efficiency must be considered during recovery 

strategy selection. 
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  RI =   w 1  R  p  +   w 2  R o  +   w 3  R i  +   w 4  R t  +   w 5  R c


  RT =   t r  –   t d


  PDR =    P 0  –   P  min   P 0


   S k  =   {  N k ,   T k ,   A k ,   d k ,   τ k }


   I f (t + 1) =   I f (t) +   Q p (t) –   Q d (t)


   I r (t + 1) =   I r (t) + S(t) –   Q p (t)


   Q p (t) = min  {  C p (t),   I r (t),   D b (t) }


  X  ( t ) =  {  I r (t),   I f (t),   C p (t), D(t),   L s (t),   T o (t), B(t) }

