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Abstract

The resilience and stability of industrial supply chains are the core pillars of the sustainable 
development of the global economy, and also an important foundation for achieving the United 
Nations Sustainable Development Goals of “Responsible Consumption and Production” and 
“Industry, Innovation and Infrastructure”. To address the problem that traditional industrial 
supply chain risk assessment systems have fixed indicators and static weights, which are 
difficult to adapt to complex scenarios such as dynamic adjustments of supply chain nodes, 
fluctuations in market demand and changes in geopolitical patterns, and thus restrict the 
construction of sustainable supply chain resilience, this paper proposes a comprehensive 
indicator-weight dynamic evolution algorithm for industrial supply chain risk assessment 
systems. Firstly, the evolutionary characteristics and trigger rules of the industrial supply chain 
risk system are defined. Indicator-weight evolution is performed when the original indicator 
system can no longer meet the evaluation requirements. The Delphi method combined with 
the actual risk characteristics of the supply chain is adopted to determine the candidate indi-
cator set. The candidate indicators are screened using the grey relational analysis algorithm 
and the entropy weight-variation coefficient method to construct the evolved risk indicator set. 
Secondly, an improved DEMATEL model is used to analyze the causal relationships among 
the evolved indicators. Evolutionary analysis of the original indicator weights is carried out 
according to the influence degrees between indicators, so as to obtain the evolved indicator 
weights and realize the dynamic linkage update of evaluation weights. This study conducts a 
case analysis using publicly available aggregated synthetic data on supply chain disruptions 
and resilience and compares the proposed method with the entropy weight–analytic hierarchy 
process (EW-AHP) and dynamic Bayesian network (DBN) methods. The performance of the 
methods is evaluated in terms of the consistency of indicator weights or relative importance, 
computational time, out-of-sample prediction performance, and retrospective analysis of a 
representative disruption event scenario. The results indicate that, under the current case 
and parameter settings, the proposed method can reconstruct the risk indicator system and 
coordinate indicator and weight updates, demonstrating certain advantages in computational 
efficiency and risk factor identification in the specified comparative experiments. It should 
be noted, however, that the current validation relies primarily on publicly available synthetic 
aggregated data and retrospective event-scenario analysis. Therefore, the evidence is insuffi-
cient to directly establish the risk-warning benefits or improvements in operational response 
efficiency that the method might deliver in real-world enterprise settings. This study provides 
a methodological framework for the coordinated updating of indicators and weights in dy-
namic industrial supply chain risk assessment. Its applicability across industries and practical 
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effectiveness require further validation using independent data sources and actual enterprise 
operational data.

Keywords: sustainable supply chain; risk assessment; indicator evolution model; improved 
DEMATEL algorithm; weight update

1. Introduction
Industrial supply chain risk assessment systems serve as the core technical support 

for ensuring supply chain resilience and stability and achieving sustainable development 
of the industrial chain. The adaptability and scientific rationality of a system’s indicators 
and weights directly determine the effectiveness of assessment results, thereby affecting the 
long-term sustainable operation capacity of enterprises as well as the security and stability 
of supply chains. Traditional assessment systems use fixed indicators and static weights, 
which fail to meet the evaluation requirements of dynamic scenarios such as supply chain 
node adjustment, transportation mode changes, and policy iteration. This easily leads to 
deviations in risk assessment and does not easily satisfy the practical demands of full-life-
cycle risk management and control for modern industrial supply chains [1]. Therefore, 
constructing an indicator-weight evolution system that can be dynamically adjusted along 
with the development of supply chains is of great theoretical value and practical significance 
for enhancing the risk resistance of industrial supply chains and ensuring the security and 
stability of industrial chains and supply chains.

Currently, domestic and foreign scholars have conducted extensive research on indus-
trial supply chain risk assessment, forming a rich theoretical and methodological system.

In terms of supply chain risk assessment, Lyu J et al. [2] constructed a dynamic com-
prehensive evaluation model based on complex network theory to assess the importance 
of unexpected risks at global soybean supply chain network nodes, confirming the core 
positioning of key nodes through empirical analysis and the 2SLS method to address endo-
geneity. Dong et al. [3] integrated fuzzy logic and the entropy weight method to establish 
a risk assessment model for cross-border e-commerce logistics supply chains, realizing 
quantitative evaluation of multi-dimensional risks via a four-layer framework. Ampofoah 
et al. [4] explored the path of AI/ML models in generating supplier risk scores, verifying 
the superiority of text-enhanced models in risk prediction through case studies. Lyu C 
et al. [5] proposed a dual-objective optimization method combining Bayesian networks and 
information theory to solve the interruption risk management problem of multi-level supply 
networks under data scarcity. Xiang et al. [6] built a hybrid hesitant fuzzy DEMATEL-
entropy weight coefficient of variation model to comprehensively evaluate low-carbon 
automotive supply chain risks and the correlation between factors.

The above studies have contributed to the improvement of supply chain risk assessment 
systems, but they have fundamental limitations in the aspect of dynamic evolution. Existing 
models generally adopt a preset static indicator system and one-time weight calculation 
mode. Whether it is the traditional entropy weight method, DEMATEL method or emerging 
machine learning models, none have established an active trigger mechanism based on envi-
ronmental changes, and thus cannot update the risk indicator library in real time in response 
to external shocks such as geopolitical conflicts and policy adjustments. Meanwhile, these 
methods can only calculate static weights within a fixed indicator framework, ignoring the 
dynamic evolution of causal transmission relationships between indicators, and failing to 
realize the coordinated linkage between indicator addition/deletion and weight adjustment. 
This leads to problems such as incomplete coverage of risk factors, delayed weight updating 
and inaccurate evaluation results when facing rapidly changing situations.
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Regarding the evolution of indicators and weights, MengLi et al. [7] coupled the ABCD 
hydrological model with deep learning algorithms to quantitatively assess the impact 
of human activities and climate change on hydrological drought evolution. ZhenCao 
et al. [8] used Sen’s slope trend test and interpretable machine learning models to reveal the 
spatiotemporal evolution rules and driving mechanisms of GPP, ET, and WUE in the Yellow 
River Basin. TingtingLiu [9] applied the entropy weight TOPSIS model combined with 
spatial analysis methods to realize dynamic measurement and regional difference analysis 
of food security levels in 30 provinces. MinhuaLu [10] constructed a multi-dimensional 
indicator framework and used the entropy method to reveal the evolutionary law of new 
quality productive forces driving sustainable development. ShuWang et al. [11], using 
a base DPSIR model combined with entropy weight TOPSIS and a Markov transition 
matrix, analyzed the spatiotemporal evolution characteristics and driving factors of tourism 
ecological security in the Silk Road Economic Belt.

It should be noted that the above evolutionary studies in hydrology, ecology, food 
security and other fields mainly focus on retrospective analysis of the spatiotemporal 
evolution laws of objective phenomena, aiming to reveal historical change trends and driving 
mechanisms. Their indicator systems are mostly pre-determined and relatively stable 
throughout the research period, and weight adjustments are usually performed periodically 
based on overall data characteristics rather than real-time response to sudden changes. 
These methods are suitable for characterizing the evolution of natural or socioeconomic 
systems with relatively slow rates of change. However, they cannot be directly applied to 
industrial supply chain risk assessment scenarios that require real-time dynamic sensing 
and rapid response capabilities, nor can they adequately address the rapid reconstruction 
of assessment systems in response to structural disruptions in supply chains.

Furthermore, recent studies have introduced optimal transport methods into supply 
chain structural analysis, providing a novel perspective on supply chain efficiency diagnosis. 
A geometric optimal transport-based analytical framework for sustainable closed-loop 
supply chains has been proposed, employing the Gromov–Wasserstein distance to jointly 
assess supply chain structure and attribute efficiency, thereby providing a quantitative 
tool for supply chain structural optimization [12]. While these studies focus on the static 
evaluation of supply chain structural efficiency, the present study investigates the dynamic 
evolution of risk assessment systems. Thus, the two approaches complement each other by 
advancing supply chain management methodologies from different perspectives.

In summary, numerous scholars have conducted extensive research on the management, 
diversification, and informatization of industrial supply chains. However, there are still 
significant shortcomings in the study of indicator-weight co-evolution models for complex 
scenarios, which are difficult to adapt to the dynamic evolution characteristics of industrial 
supply chains. This study focuses on addressing two key issues:

(1) How to construct a risk indicator set that dynamically adapts to changing supply 
chain conditions, enabling the proactive addition and removal of indicators and their 
dynamic adaptation to evolving risk profiles;

(2) How to establish a dynamic weight updating mechanism based on the interactions 
among indicators to realize the co-evolution of indicators and weights.

To address the aforementioned issues, this paper proposes an innovative compre-
hensive dynamic-evolution algorithm for the index-weight system of industrial supply 
chain risk assessment. Its core innovation lies in the construction of a complete two-stage 
“trigger-reconstruction” evolution framework, which breaks through the inherent limitation 
of traditional static assessment models—a fixed index set with one-time weight calculation. 
The specific contributions are outlined as follows:
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(1) A quantitative dynamic evolution trigger mechanism is established. It realizes 
active perception of supply chain system changes, solving the problem that traditional static 
models fail to respond to external environmental shocks in real time.

(2) An index evolution screening method coupled with Delphi-GRA-entropy weight-
coefficient of variation is constructed. From the dual dimensions of correlation and in-
formation contribution, it achieves dynamic addition and deletion of assessment indica-
tors, ensuring that the index system can be dynamically adapted to changes in supply 
chain scenarios.

(3) The standard DEMATEL method is extended for dynamic index scenarios. A weight 
redistribution mechanism based on inter-index causal correlation degree is proposed, which 
realizes smooth linkage update of weights after index addition or deletion, and avoids the 
high cost of full-scale remodeling and recalculation in traditional methods.

Validated with independent samples across multiple industries, the evolutionary 
algorithm proposed in this paper exhibits strong generalizability and consistency. In contrast 
to most existing studies that focus on static weight calculation under a fixed index system, 
this paper forms a complete closed-loop dynamic assessment system covering trigger 
judgment, index reconstruction and weight updates, providing a new methodological 
approach for dynamic risk assessment of sustainable industrial supply chains.

2. Description of the Characteristics and Evolutionary Forms of the 
Industrial Supply Chain System
2.1. Characteristics of the Industrial Supply Chain System

The primary task of industrial supply chain management is to construct a resilient sup-
ply chain system featuring end-to-end visibility, full-domain collaboration, and full-process 
controllability, in response to global market competition, industrial chain restructuring, and 
changes in the geopolitical landscape. It enables autonomous completion of various risk 
assessments and response decision-making, achieves high integration between the supply 
chain system and production and operation systems, and fully meets industrial production 
security requirements under a dynamic market environment. With the development of in-
telligence and flexibility in industrial manufacturing, the models and demands of industrial 
supply chains have also undergone corresponding changes. As the basis for subsequent 
risk control and optimization efforts, the industrial supply chain risk assessment system 
represents a critical link in supply chain resilience management.

Functionally, the industrial supply chain system is characterized by dynamic and 
variable task scenarios, continuously adjusted indicators, and a high degree of digital 
dependence [13]. In the actual operation of supply chains and risk control processes, with 
the replacement of core suppliers, adjustments to logistics and transportation routes, and 
constant changes in market demand, the evaluation indicators for industrial supply chain 
risk assessment are continuously evolving and updating, leading to certain complexity 
and fuzziness in their evaluation. Consequently, industrial supply chain risk assessment is 
inherently an evolutionary and dynamic process. As task scenarios change and supply chain 
entities are replaced, evaluation indicators are continuously added, deleted, or merged, 
with their weights changing accordingly.

2.2. The Triggering Mode of Industrial Supply Chain System Evolution
The industrial supply chain system represents a state of system operation under the 

combined effect of changing demands and entities. During the development of the industrial 
supply chain system, it evolves accordingly with task shifts and market updates. Therefore, 
the evolution of the industrial supply chain system can be interpreted as major changes 
occurring in the supply chain over continuous time, leading to alterations in its overall 
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structure, resource allocation, and evaluation indicators. As the supply chain system 
transitions from one operational state to another, the collaborative evolution of indicators 
and weights is triggered accordingly.

To quantify the evolution trigger rules, the following rules are proposed:
1. Benchmark Period: The period during which the supply chain system operates 

stably following the previous indicator-weight evolution. Each time a full evolution is 
accomplished, the benchmark period is updated to the first cycle of stable operation of the 
system after evolution.

2. Monitoring Window: This window is consistent with the minimum unit of the 
benchmark period. Only the average value of each indicator within the window is calculated 
to avoid triggering evolution due to accidental random fluctuations.

3. Trigger Cooling Period: The minimum evolution interval is set to two monitoring 
window cycles. Evolution will not be triggered within the cooling period even if the 
threshold is reached.

Based on the calculation rules set above, the abnormal change value is calculated every 
monitoring window period. When the overall abnormal change value of the supply chain 
is excessively large, collaborative evolution is triggered. The calculation formula of the 
abnormal change value is as follows:

𝛿 = √
𝑚

∑
𝑗=1

𝑤𝑗(𝑥𝑗 − 𝑥𝑗0)
2

(1)

where m denotes the number of monitoring indicators, 𝑤𝑗 represents the weight of the 
monitoring indicator, 𝑥𝑗 is the standardized value of the j-th indicator within the mon-
itoring window, and 𝑥𝑗 is the standardized mean value of the j-th indicator during the 
benchmark period.

The threshold is set at 0.6. This value strictly follows the empirically validated general 
risk classification standard for industrial supply chain risk assessment [14]. Based on the 
retrospective analysis of more than 1200 typical supply chain disruption events worldwide 
and industry consensus, this standard divides the supply chain system risk level into three 
intervals with clear management implications: low risk (0–0.3); medium risk (0.3–0.6); and 
high risk (≥0.6).

Building on the aforementioned risk classification, this study further conducts a sen-
sitivity analysis of five candidate thresholds: 0.50, 0.55, 0.60, 0.65, and 0.70. This range 
was selected for the following reasons: thresholds below 0.50 may lead to normal local 
fluctuations being misclassified as systemic changes, whereas thresholds above 0.70 may 
delay responses to structural risks. Therefore, the range of 0.50–0.70 covers the primary 
decision-making spectrum from relatively sensitive to relatively conservative settings. The 
results indicate that a threshold of 0.60 provides a favorable balance among information 
retention, system redundancy, and risk response timeliness.

It should be noted that the threshold of 0.60 was not determined solely on the basis 
of the proposed method’s own composite score. Instead, it was further validated using 
external risk events independent of the threshold optimization process. Specifically, the 
2024 Red Sea shipping disruption was selected as an external validation scenario, with the 
occurrence of the event and objective operational changes before and after the event serving 
as reference points. The results show that, at a threshold of 0.60, the model can identify a 
sustained increase in risk levels before the event occurs and trigger the coordinated evolution 
of indicators and their weights. Lower thresholds tend to increase false triggers during 
non-event periods, whereas higher thresholds may delay risk identification. Accordingly, 
0.60 was ultimately selected as the evolution trigger threshold in this study. Empirical 
data from reference [14] shows that under the threshold of 0.6, the false trigger rate can be 
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controlled within 8% and the missed trigger rate is less than 5%, which is the optimal value 
balancing assessment timeliness and system stability. Meanwhile, it is consistent with the 
critical values adopted in similar dynamic risk assessment studies by Guo et al. [14] and Lyu 
et al. [2], and has extensive academic consensus. The suitability of this threshold was further 
assessed through sensitivity analysis, with detailed results presented in Appendix A.

2.3. Overall Indicator-Weight Evolution Model for Industrial Supply Chain Risk Assessment
This study designs a two-stage technical route of “trigger-reconfiguration” focusing 

on the dynamic evolution of indicators and weights in the industrial supply chain system, 
with the specific process as follows:

First, the system enters the trigger phase, calculates the abnormal value of the supply 
chain risk assessment system according to the rules, and enters the evolution phase when 
the abnormal value exceeds the threshold.

The system enters the indicator and weight evolution phase, which is divided into 
two modules: indicator evolution, and weight update. In the indicator reconstruction 
module, first, according to changes in the external environment and policy updates, the 
Delphi method is adopted to determine candidate indicators. It combines the original 
indicator system with candidate indicators to construct a new indicator system, and uses 
the Grey Relational Analysis (GRA) algorithm to complete indicator screening and realize 
indicator addition. The entropy weight-coefficient of variation method is used to couple 
the screening logic of important indicators to complete indicator deletion and finally form 
an evolutionary indicator system. In the weight update module, the improved DEMATEL 
model is used to conduct evolutionary analysis on the addition and deletion of weights. 
The causal relationships between indicators are obtained through the DEMATEL algorithm, 
and weight allocation is performed according to the comprehensive impact matrix.

Through the above phased and modular technical processes, the dynamic evolution 
of indicators and weights in the industrial supply chain system is realized, providing 
methodological support for the adaptive optimization of the system. The overall structure 
of the evolution and reconfiguration of indicator-weight sets for industrial supply chain 
risk assessment in dynamic scenarios is shown in Figure 1 below:

 

Figure 1. Evolution model of industrial supply chain system.
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3. Indicator Evolution Model for Industrial Supply Chain Risk 
Assessment System

Indicator evolution serves as the prerequisite and foundation for updating the indicator 
weights in the industrial supply chain risk assessment system. To accurately evaluate the 
performance of the industrial supply chain risk assessment system under the constant 
changes in practical demands and supply chain entities, it is necessary to design corre-
sponding models and algorithms to reconstruct the indicators. Specifically, models are 
constructed and restructured to accommodate the addition and deletion of indicators in the 
updated evaluation indicator set, enabling timely and accurate assessment of the supply 
chain risk system under dynamic scenarios. This provides a reference and guidance for 
subsequent risk judgment and precise management and control [15].

The composition of the risk evaluation indicator set changes dynamically with the 
evolution of the industrial supply chain system. Let the initial indicator system be {𝑋𝑒, 0}. 
Then, at the i-th moment, the supply chain risk assessment indicator set is expressed as:

{𝑋𝑒, 𝑖} = {𝑎1, 𝑎2, ⋯ 𝑎𝑖, ⋯ , 𝑎𝑛}(1 ≤ 𝑖 ≤ 𝑛) (2)

With the dynamic evolution of the industrial supply chain system, at the (i + 1)-th 
moment, the supply chain risk evaluation indicator set is:

{𝑋𝑒, 𝑖 + 1} = {𝑎′
1, 𝑎′

2, ⋯ 𝑎′
𝑗, ⋯ , 𝑎′

𝑚}(1 ≤ 𝑗 ≤ 𝑚) (3)

In the indicator evolution process, an expert panel is first established using the Delphi 
method to conduct analysis and multiple rounds of anonymous voting on changes in the 
external environment of the supply chain, policy adjustments, and other relevant factors, 
ultimately obtaining candidate indicators for potential addition to the system. The grey 
relational analysis (GRA) algorithm is then employed to perform grey relational screening 
on the candidate indicators, eliminating those with low correlation to supply chain risk 
assessment. Finally, indicators that pass the correlation test are incorporated into the original 
indicator system. Concurrently, the entropy weight-variation coefficient method is applied 
to remove redundant indicators with low comprehensive contribution from the indicator 
system, resulting in the final evolved evaluation indicator system.

3.1. Addition of Evaluation Indicators
The Delphi Method is an expert collaborative decision-making approach based on 

multi-round anonymous consultation, feedback iteration and statistical aggregation, which 
can systematically integrate expert wisdom to form scientific and reliable decision conclu-
sions [16]. The use of Delphi method in the dynamic evolution process of an industrial 
supply chain system can supplement the shortcomings of the original indicator system, 
adapt the systems to new supply chain environment and policy standards, and obtain the 
evaluation indicators that need to be added.

This study consulted five experts, including three academic researchers and two indus-
try experts with experience in supply chain risk management in manufacturing enterprises. 
This expert panel provides professional judgment for the context-specific construction of 
the indicator system. However, the judgments obtained may be influenced by differences in 
individual professional backgrounds, industry experience, and risk perceptions. Therefore, 
expert opinions are used as a professional basis for candidate indicator identification and 
causal relationship analysis among indicators, rather than being treated as a statistical sam-
ple representative of the entire population of industrial supply chain experts. To examine 
the potential effects of variations in expert panel size on the analytical results, we conducted 
an exploratory sensitivity analysis using the existing five experts, comparing indicator 
evaluations and weight estimates across panels of three, four, and five experts. The purpose 
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of this analysis is to identify potential differences arising from changes in the composition 
of the current expert panel, rather than to demonstrate the statistical stability or general 
applicability of the weight estimates across a larger expert population. Because all subsets 
were drawn from the same group of experts, the combinations do not constitute indepen-
dent samples. Accordingly, the results should be interpreted cautiously in conjunction with 
the experts’ backgrounds, the characteristics of the indicator data, and the findings of other 
experiments. Future research should expand both the number and diversity of experts 
and incorporate a broader range of industry stakeholders to further examine the influence 
of expert judgments on indicator screening and weight estimation. The relevant results 
are presented in Appendix A. To ensure the scientific validity and practicality of the final 
evaluation indicator system, the following optimization criteria are set in this article:

(1) When experts have significant differences on the newly proposed indicators, the 
next round of discussion will be conducted to reevaluate them. The Kendall’s coefficient of 
concordance W is used to measure the consistency of expert ratings, and when 𝑊 < 0.6, 
indicating that expert opinions are not unified, the next round of consultation is required. 
The Kendall’s coefficient of concordance formula is:

𝑊 =
12

𝑚
∑
𝑖=1

𝑅2
𝑖 − 3𝑛2𝑚(𝑚 + 1)2

𝑛2𝑚(𝑚2 − 1)2 (4)

where n is the number of risk indicators, m is the number of experts, and 𝑅𝑖 is the sum of 
expert rating ranks for the i-th indicator.

(2) If a certain indicator shows high consistency and importance in multiple rounds of 
scoring, it will be retained in the final indicator system.

(3) If certain indicators are considered by most experts to have low correlation with 
supply chain risks or lack strong data, they will be deleted.

3.2. Deletion of Evaluation Indicators
Based on the above analysis process, the list of newly added indicators {𝑋′

𝑒, 1} is 
obtained through the Delphi method. When the main tasks of the industrial supply chain 
change or entities are replaced, the indicator addition algorithm is used to update the original 
indicator system to make up for the shortcomings of the original indicator system in terms of 
insufficient environmental adaptability and coverage. Subsequently, the updated indicator 
system is screened and optimized by combining the GRA algorithm and the entropy weight-
variation coefficient method to eliminate indicators with low correlation and redundant 
ones, thereby determining the final evaluation indicators to be added. The core idea of the 
GRA algorithm is to calculate the correlation degree between sequences by comparing the 
similarity of the curves of different sequences, to judge the correlation between the newly 
added indicators and the original indicator system and eliminate candidate indicators with 
low correlation. The entropy weight-variation coefficient method measures the information 
content of indicators according to the magnitude of their information entropy and the level 
of data fluctuation, which can effectively identify indicators with a high contribution rate in 
the industrial supply chain system and eliminate redundant indicators. Through the above 
two methods, the newly added evaluation indicators are deleted, screened and optimized 
from the perspectives of correlation and effectiveness, and finally the accurate evaluation 
indicators of the security system are obtained.

1. The specific steps of the GRA algorithm are as follows [17]:
The overall effectiveness of the industrial supply chain is regarded as the reference 

sequence, denoted by 𝑄0(𝑘). The sequence formed by the indicators in the candidate 
indicator set is taken as the comparison sequence, denoted by 𝑄𝑖(𝑘). Standardization is 
conducted on the indicator data to eliminate dimensional differences.

https://doi.org/10.3390/su182111340
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Step 1: Standardize the original data and classify the indicators into positive indicators 
and negative indicators according to their types. An indicator is defined as positive if its 
increase can reduce supply chain risk and improve supply chain stability; otherwise, it is 
defined as negative. The formula for indicator standardization is given as follows:

𝑦𝑖𝑗 =
𝑟𝑖𝑗 − 𝑟𝑗min

𝑟𝑗max − 𝑟𝑗min
(5)

𝑦𝑖𝑗 =
𝑟𝑗max − 𝑟𝑖𝑗

𝑟𝑗max − 𝑟𝑗min
(6)

In the above formula, 𝑦𝑖𝑗 is the j-th test value of the i-th indicator in the industrial 
supply chain system after dimensionless processing, with 𝑦𝑖𝑗 ∈ [0, 1]; 𝑟𝑖𝑗 is the j-th original 
value of the i-th indicator in the industrial supply chain system; 𝑟𝑗max denotes the maximum 
test value under indicator i; and 𝑟𝑗min denotes the minimum test value under indicator i.

Step 2: Calculate the absolute difference between the reference sequence and the 
comparison sequence.

Δ𝑖(𝑘) = |𝑄0(𝐾) − 𝑄𝑖(𝐾)| (7)

Step 3: Calculate the grey relational degree using the correlation coefficient formula of 
the reference sequence indicators.

𝜉𝑖(𝑘) =
min

𝑖
min

𝑘
Δ𝑖(𝑘) + 𝜌 max

𝑖
max

𝑘
Δ𝑖(𝑘)

Δ𝑖(𝑘) + 𝜌 max
𝑖

max
𝑘

Δ𝑖(𝑘) (8)

In the above equation, 𝜌 is the distinguishing coefficient with a value of 𝜌 ∈ [0, 1]. The 
smaller the value of 𝜌, the stronger the resolution capability, and 𝜌 is generally set to 0.5.

Step 4: Calculate the relational degree of the comparison sequence corresponding to 
the reference sequence.

𝐺𝑖 =
1
𝑛

𝑛
∑
𝑘=1

𝜉𝑖(𝑘) (9)

According to grey systems theory, grey relational coefficients are commonly used 
within the range of 0.7–0.9 to distinguish moderate relationships from strong relationships. 
Accordingly, this study considered 0.70, 0.75, 0.80, 0.85, and 0.90 as candidate thresholds 
rather than prespecifying 0.80 as the optimal value. In terms of threshold implications, 
values of 0.70 and 0.75 retain more candidate indicators but may introduce weakly related 
indicators into the evaluation system, thereby increasing indicator redundancy. In contrast, 
thresholds of 0.85 and 0.90 impose stricter screening criteria but may eliminate indicators 
with practical risk significance. Considering both indicator coverage and screening stability, 
a threshold of 0.80 represents a moderate choice. Furthermore, an independent risk event 
was used for external validation. Taking the 2024 Red Sea shipping disruption as a reference, 
this study compared the ability of indicators retained under different GRA thresholds to 
capture risk factors associated with the event. The results indicate that a threshold of 0.80 
effectively retains risk factors directly related to the actual event, including geopolitical 
risks, cross-border logistics, and supply chain disruption response. Higher thresholds, by 
contrast, entail a greater risk of information loss. Therefore, 0.80 was ultimately selected as 
the grey relational screening threshold for newly added indicators.

This study examines the stability of the results around this threshold through one-
factor-at-a-time sensitivity analysis and further validates its suitability using real-world 
risk events. Thresholds below this value tend to introduce redundant indicators, whereas 
higher thresholds may result in the loss of essential relational information. Detailed results 
are provided in Appendix A.

2. The specific steps of indicator screening using the entropy weight-variation coeffi-
cient method are as follows:
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Step 1: Calculation of the information utility value of indicators using the entropy 
weight method.

The entropy weight method is an objective weight assignment method [18], which 
conducts correlation analysis on indicators by measuring the uncertainty and disorder 
of information. Based on the standardized original data of each indicator obtained from 
the above formula, the proportion 𝑌𝑖𝑗 of the j-th sample value under the i-th indicator is 
calculated as follows:

𝑌𝑖𝑗 =
𝑦𝑖𝑗

𝑚
∑
𝑖=1

𝑦𝑖𝑗

(10)

Calculate the entropy value 𝑒𝑖 of each indicator.

e𝑖 = −
𝐼

ln 𝑚

𝑚
∑
𝑗=1

𝑌𝑖𝑗 ln 𝑌𝑖𝑗 (11)

The normalized utility value 𝑤1𝑖 of each indicator is calculated according to the infor-
mation entropy:

𝑤1𝑖 =
1 − 𝑒𝑖

𝑚
∑
𝑖=1

(1 − 𝑒𝑖)
(12)

The larger the utility value of an indicator, the more differentiated information it 
provides for different evaluation objects.

To address the issue of utility values approaching zero under extreme conditions, this 
study establishes a minimum utility threshold of 0.001. When an indicator’s utility value 
falls below 0.001, its information contribution is considered negligible, and the indicator is 
directly included in the candidate set for removal to avoid numerical instability caused by a 
near-zero numerator. Meanwhile, robustness tests conducted on all sample data show that 
the utility values of all indicators exceed the minimum threshold of 0.001, with no numerical 
instability observed. For example, indicator B13 has a utility value of 0.006, which exceeds 
the minimum threshold and falls within the model’s stable computational range.

Step 2: Calculation of indicator volatility using the coefficient of variation method.
Based on the information data of each indicator, the coefficient of variation method 

calculates the fluctuation degree of indicator data, which can objectively and effectively 
reflect the difference level among different indicators [19].

According to the standardized original data, the standard deviation and mean value 
of the i-th indicator in the industrial supply chain risk evaluation system are calculated.

𝑆𝑖 =

√
√
√
⎷

𝑛
∑
𝑗=1

(𝑘𝑖𝑗 − 𝑘𝑖)

𝑛 − 1 (13)

𝑦𝑖 =

𝑛
∑
𝑗=1

𝑦𝑖𝑗

𝑛 (14)

Then the normalized coefficient of variation 𝑤2𝑖 of the i-th indicator is given by:

𝑤2𝑖 =
𝑣𝑖

𝑚
∑
𝑖=1

𝑣𝑖

(15)

where 𝑣𝑖 is the coefficient of variation, calculated as the ratio of the standard deviation to 
the mean value.

Step 3: Minimum information entropy coupling model.
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Based on the principle of minimum information entropy, the indicator information 
obtained by the entropy weight-variation coefficient method is coupled [20], and the con-
tribution rate of the new indicators to the entire indicator system is solved, to eliminate 
redundant indicators.

𝛾𝑖 =
√𝑤1𝑖 ⋅ 𝑤2𝑖

𝑚
∑
𝑖=1

√𝑤1𝑖 ⋅ 𝑤2𝑖

(16)

where 𝛾𝑖 denotes the comprehensive contribution rate of the indicator. When an indicator 
exhibits a low utility value or coefficient of variation, it has insufficient information content 
and data variability. Such an indicator is considered redundant and unsuitable for weight 
allocation in the evaluation system. Therefore, it is excluded through the comprehensive 
contribution rate-based screening method.

Step 4: Screen indicators according to the comprehensive contribution rate.
Based on the comprehensive contribution rate, the indicators are sorted and summed 

in descending order of importance. In multi criteria screening, it is usually required that 
the cumulative information contribution rate reach over 90% to ensure the accuracy of the 
evaluation results, while avoiding the curse of dimensionality and increased computational 
complexity caused by too many criteria. To determine the optimal threshold, we analyze 
the marginal information increment under different cumulative contribution rates based on 
the data in Table 5. In terms of marginal information gain, increasing the cumulative contri-
bution rate from 90% to 94% requires only two additional indicators and yields an effective 
information gain of approximately 4%. In contrast, increasing the cumulative contribution 
rate from 94% to 96% requires three additional indicators but yields only approximately 2% 
additional information, indicating a marked decline in the marginal information gain per 
indicator. Therefore, a threshold of 94% provides a favorable balance between information 
coverage and the number of indicators. To avoid determining the threshold solely on the ba-
sis of the composite score proposed in this study, external validation was further conducted 
using out-of-sample data and actual disruption events. Indicator systems constructed under 
different cumulative contribution rate thresholds were evaluated through out-of-sample 
risk prediction, using independent records of actual risk events and objective operational 
outcomes as benchmarks. The results indicate that a threshold of 94% maintains relatively 
high risk-information coverage while preventing excessive inclusion of low-contribution 
indicators. Both its out-of-sample predictive performance and its ability to identify core 
risk factors remain satisfactory. Accordingly, 94% was ultimately selected as the cumulative 
contribution rate screening threshold.

The optimality of this threshold was further assessed through sensitivity analysis. Devi-
ations from this value may lead to increased system redundancy or insufficient information 
coverage. Detailed results are presented in Appendix A.

4. Weight Evolution and Reconstruction Model of the Industrial Supply 
Chain System

The standard DEMATEL algorithm is a systematic factor analysis method based on 
graph theory and matrix operations. Its core function is to identify causal transmission 
relationships and key influencing factors among multiple factors in static systems, and it 
is widely applied in scenarios with fixed indicator systems and stable factor associations. 
However, when indicators in the assessment system change, this method cannot adapt to 
the core requirement of dynamic evolution of the indicator system with environmental 
changes in industrial supply chain risk assessment. To address this limitation, this paper 
proposes an improved DEMATEL weight reconstruction model which deeply integrates 
the core causal relationship identification capability of the standard DEMATEL with the 
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dynamic weight update mechanism after indicator evolution. It not only clarifies the causal 
relationships among indicators, but more importantly, it constructs weight redistribution 
rules for indicator addition and deletion scenarios, realizing accurate and efficient evolu-
tionary reconstruction of weights for industrial supply chain risk assessment. This provides 
a scientific reference for the overall risk optimization and improvement of supply chains in 
subsequent research. The core differences between the two are presented in Table 1 below:

Table 1. Comparison between the standard DEMATEL and the improved DEMATEL proposed in 
this paper.

Comparison Dimension Standard DEMATEL Improved DEMATEL Proposed in This Paper

Application scenario Static systems with a fixed index set Dynamic systems involving index addition and 
deletion changes

Core function
Analyze causal relationships among 

indicators and calculate static 
importance

Retain the capability of causal relationship 
analysis, and realize smooth redistribution of 

weights after index set changes

Index set requirements

The index set remains unchanged 
during calculation; index 

addition/deletion operations are not 
supported

Support dynamic changes in the index set, and 
calculate weight evolution results for both 

index addition and deletion scenarios

Weight calculation logic

Calculate importance based on a 
fixed comprehensive influence 

matrix, and derive weights through 
one-time normalization

On the basis of the original weight system, 
allocate weights according to the correlation 

degree among indicators, realizing incremental 
update of weights

Output results Static ranking of indicator 
importance and causal classification

Evolved indicator weights, retains the 
capability of causal relationship analysis

Changes in the industrial supply chain evaluation indicator set will directly lead to the 
evolution of weights. However, due to the complex correlations among indicators, weights 
cannot be modified directly. The DEMATEL method can effectively handle the causal 
relationships and correlation calculations among multi-factor indicators, and is widely used 
in factor structure and causal relationship analysis [21]. Therefore, this paper adopts the 
improved DEMATEL model, fully considers indicator changes and internal correlations, 
and recalculates indicator weights based on the obtained comprehensive matrix to realize 
the dynamic evolution and evaluation of weights.

4.1. Indicator Correlation Analysis Model Based on DEMATEL Algorithm
The specific steps are as follows:
Step 1: Invite experts to score and obtain the indicator influence relationship matrix:
The scoring method is set to a (0~10) scale. A score of 0 indicates that indicator a 

has no influence on indicator b; the higher the score, the greater the influence. The direct 
correlation matrix of risk factors is obtained as follows:

𝑅 =
[



𝑟11 𝑟12 ⋯ 𝑟1𝑚
𝑟21 𝑟22 ⋯ 𝑟2𝑚
⋮ ⋮ ⋮ ⋮

𝑟𝑚1 𝑟𝑚2 ⋯ 𝑟𝑚𝑚

]



(17)

Among them, 𝑟𝑖𝑗 represents the evaluation score of the degree of association between 
risk factors 𝑔𝑖 and 𝑔𝑗. When 𝑖 = 𝑗, it represents the evaluation score of the importance of 
risk factor 𝑔𝑖.

Step 2: Normalization of the direct correlation matrix:
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Normalize the direct correlation matrix R based on the maximum value 𝑀𝐴𝑋(𝑠𝑢𝑚) of 
the sum of vector elements in each row of the matrix. If the normalized matrix is N, then 
𝑁 = [𝑥𝑖𝑗]𝑛×𝑛

.
Step 3: Calculate the comprehensive influence matrix:
Let the comprehensive influence matrix be T:

𝑇 = [𝑡𝑖𝑗]𝑛×𝑛
= 𝑁(𝐼 − 𝑁)−1 (18)

Step 4: Calculate the row influence degree ˜𝑥𝑖 and column influence degree ˜𝑦𝑗 of the 
comprehensive influence matrix T:

˜𝑥𝑖 =
𝑛
∑
𝑗=1

𝑡𝑖𝑗, 𝑖 = 1, 2, ⋯ 𝑛;

˜𝑦𝑗 =
𝑛
∑
𝑖=1

𝑡𝑖𝑗, 𝑗 = 1, 2, ⋯ 𝑛
(19)

The impact degree ˜𝑥𝑖 represents the influence of risk factor 𝑔𝑖 on other risk factors; the 
column influence degree ˜𝑦𝑗 represents the impact of other factors on risk factor 𝑔𝑗.

Step 5: Calculate the relevance degree and importance degree of risk indicators:
The formula for calculating the relevance degree is as follows:

𝑅𝑎𝑖 = ˜𝑥𝑖 − ˜𝑦𝑗 (20)

According to the difference 𝑅𝑎𝑖 between the degree of influence and the degree of 
influence of risk factor 𝑔𝑖, risk factors can be divided into two categories. When the external 
correlation degree 𝑅𝑎𝑖 is positive, 𝑔𝑖 is a causal influencing factor; conversely, it is a causal 
influencing factor.

The formula for calculating the importance degree of each indicator is as follows:

𝑄𝑖 = ˜𝑥𝑖 + ˜𝑦𝑗 (21)

In the formula, 𝑄𝑖 represents the importance degree of risk factor 𝑔𝑖. The larger 
˜𝑥𝑖 is, the more easily risk factor 𝑔𝑖 affects other risk factors, leading to chain risks. The 

larger ˜𝑦𝑗 is, the more easily risk factor 𝑔𝑖 is affected by other risk factors and is sensitive to 
changes. Therefore, the larger 𝑄𝑖 is, the more important the risk factor 𝑔𝑖 is. According 
to the calculated importance degree and relevance degree of each risk factor, a risk factor 
distribution diagram is drawn to obtain the distribution trend and influence relationship 
of each risk factor, providing direction and guidance for the overall improvement of the 
subsequent supply chain.

4.2. Weight Update Model Based on Comprehensive Influence Matrix
When the influence degree value 𝑡𝑖 of factor 𝑔𝑖 on other influencing factors in the 

comprehensive influence matrix is greater than 0.2, factor 𝑔𝑖 is considered to have a corre-
lation relationship with that factor. The selection of 0.2 as the correlation determination 
threshold is supported by sufficient scientific evidence. First, this value represents a general 
academic consensus on the DEMATEL method in the field of supply chain risk assessment. 
Patel et al. [22] adopted 0.2 as the critical value for significant correlation in their analysis 
of supply chain barriers, and Xiang et al. [6] applied the same threshold in research on 
risk propagation in low-carbon supply chains, indicating a broad application foundation. 
Second, from the perspective of methodological principles, the comprehensive influence 
matrix incorporates both direct and indirect effects. A threshold of 0.2 serves as a relatively 
conservative judgment criterion, which can filter out weak noisy correlations generated 
after multi-layer propagation and avoid excessive redundancy in the correlation network.

Indicator deletion: When the indicator 𝑎𝑖 to be deleted is correlated with other indi-
cators, its weight cannot be directly removed [23]. Let 𝑅𝐴𝑖 be the set of indicators related 
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to indicator 𝑎𝑖, and |𝑅𝐴𝑖| be the modulus of the set, representing the number of elements 
in the set. Let, 𝑎𝑝 ∈ 𝑅𝐴𝑖, 𝑎𝑞 ∉ 𝑅𝐴𝑖 and 𝑟𝑖𝑝 denote the correlation degree between indicator 
𝑎𝑖 and indicator 𝑎𝑝. Let 𝑤𝑝 and 𝑤𝑞 represent the weights of indicators 𝑎𝑝 and 𝑎𝑞 at stage k, 
respectively. Then their weights at stage (k + 1) are denoted as 𝑤′

𝑝 and 𝑤′
𝑞. When deleting 

indicator 𝑎𝑖, the relative weights of indicators 𝑎𝑝 and 𝑎𝑞 are calculated as follows:

𝑊′
1 =

{


𝑤′
𝑝 = 𝑤𝑝 − 𝑅𝑖𝑝𝑤𝑖, (𝑅𝑖𝑝 ≠ 0, 0 ≤ 𝑤′

𝑝 ≤ 1)

𝑤′
𝑞 = 𝑤𝑞 −

∑ (𝑤′
𝑝−𝑤𝑝)−𝑤𝑖

𝑛−|𝑅𝐴𝑖|−1 , (𝑅𝑖𝑝 ≠ 0, 0 ≤ 𝑤′
𝑞 ≤ 1)

(22)

where 𝑅𝑖𝑝 represents the proportion of the correlation degree of the deleted indicator in the 
overall indicators, and its calculation formula is as follows:

𝑅𝑖𝑝 =
𝑡𝑖𝑝

∑
𝑖𝑞∉𝑅𝐴𝑖

𝑡𝑖𝑞
(23)

Indicator addition: Add the new indicators to the DEMATEL algorithm, recalculate 
the comprehensive impact matrix of all indicators, calculate the importance ratio of the 
new indicators in the overall indicator system, and reassign the weight of each indicator 
based on the comprehensive importance. Let 𝑎𝑖 be the new indicator and 𝑎𝑞 be the original 
indicator. Let 𝑤𝑝 and 𝑤𝑞 represent the indicator weights at stage k; then their weights at 
stage (k + 1) are denoted as 𝑤′

𝑝 and 𝑤′
𝑞, respectively. After adding the new indicator 𝑎𝑖, the 

formula for calculating the relative weight of each indicator is as follows:

𝑊′
2 =

{


𝑤′
𝑝 = 𝑤𝑎𝑑𝑑

𝑄𝑗

∑
Add indicator set

𝑄𝑘

𝑤′
𝑞 = 𝑤𝑞 − 𝑤𝑎𝑑𝑑𝜃𝑖

(24)

In this equation, 𝑄𝑗 denotes the initial weight assigned to the newly added indicators 
via the DEMATEL algorithm, 𝑤𝑎𝑑𝑑 refers to the total weight of the newly added indicators, 
and 𝜃𝑖 represents the proportion of the comprehensive influence exerted by the newly added 
indicators on the original indicators.

5. Example
5.1. Problem Description

Taking industrial supply chains as the research subject, this study evaluates and dy-
namically evolves the factors affecting supply chain stability. First, transportation and risk 
management data from a specific industrial supply chain are extracted for assessment and 
evolution analysis.

The data used in this paper are sourced from the Global Supply Chain Disruptions and 
Resilience database (https://www.kaggle.com/datasets/bertnardomariouskono/global-
supply-chain-disruption-and-resilience, accessed on 11 June 2026). Using the stratified 
random sampling method, a total of 10,000 complete supply chain records covering 2021 
to 2024 are selected, involving six major trade routes (Asia-Europe, Trans-Pacific, Trans-
Atlantic, Middle East-South Asia, Intra-Asia, and Africa-Europe) and 32 core ports, with a 
data completeness rate of 98.7%. To ensure sufficient statistical power for indicator screen-
ing and weight calculation, the original records are aggregated at a quarterly granularity 
(2021Q1–2024Q4, totaling 16 observations) based on the shipment date of each record. The 
number of records per quarter ranges from 582 to 674, with an average of 625, which fully 
captures the seasonal fluctuation characteristics of supply chain operations and satisfies the 
sample requirements of grey relational analysis and the entropy weight method.

The data preprocessing procedure consists of the following steps:
(1) Missing value imputation: Missing records, accounting for 1.3% of the dataset, were 

imputed using the three-year average for the same shipping route and corresponding period 
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to ensure time-series completeness. For records with substantial missing data, estimates 
were made and supplemented based on the actual operational conditions of the enterprises.

(2) Outlier treatment: The 3σ rule was applied to identify and remove observations 
deviating from the mean by more than three standard deviations, thereby reducing the 
influence of extreme random events.

(3) Indicator aggregation: Each indicator was mapped to the corresponding raw 
data fields according to its function and definition. Indicator values were then calculated 
using the specified formulas, and the resulting raw indicator data were compiled. All 
indicators were aggregated into quarterly values according to the calculation rules specified 
in Appendix B.

To assess the robustness of the aggregation granularity, indicator values were also 
calculated at monthly and semi-annual intervals. The results showed a high degree of 
consistency in core indicator selection and weight rankings across the two alternative aggre-
gation granularities, indicating that the main findings were not sensitive to the aggregation 
interval. Finally, the data were aggregated annually to obtain four sets of panel observations 
for subsequent indicator selection and weight calculation.

Drawing on previous studies [24,25], this study adopts 13 core indicators across four 
dimensions—operational and process adaptability, network structural resilience, external 
environmental shocks, and disruption and recovery capabilities—as the initial indicator set 
for industrial supply chain risk assessment. These indicators serve as the basis for subse-
quent supply chain risk analysis and evolutionary computations. The resulting industrial 
supply chain risk assessment indicator system is illustrated in Figure 2.

 

Figure 2. Risk assessment indicator set of industrial supply chain system.

The risk assessment indicator set of the industrial supply chain system composed of 
the above indicators is denoted as {𝑋𝑒, 1}, where “1” represents the first stage of the risk 
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assessment evolution of the industrial supply chain system. The initial weight set of the 
indicators obtained based on previous years’ information is:

{𝑋𝑤, 1} =
{


0.091, 0.085, 0.088, 0.076, 0.066, 0.062,
0.045, 0.116, 0.065, 0.073, 0.097, 0.065, 0.070

}


According to the method of calculating outliers in Section 2.2, the original risk as-
sessment system was monitored and it was found that the abnormal change value of 0.65 
exceeded 0.6 in 2025, triggering the synergistic evolution of indicators and weights.

5.2. Indicator Evolution and Reconstruction of the Industrial Supply Chain System
5.2.1. Evaluation Indicator Addition

1. Selection of Candidate Indicators by Delphi Method
In strict accordance with the principles of authoritativeness, relevance, and representa-

tiveness for expert selection established in Section 2 of this paper, an expert advisory group 
of five members was formed. The experts are familiar with the practical impacts of the Red 
Sea shipping crisis and supply chain “de-risking” policies on the real industrial supply 
chain. With both theoretical depth and industrial practical experience, the expert team can 
accurately identify the core new risk dimensions of the current industrial supply chain, 
ensuring the scientific validity and practicability of the candidate indicator set.

First round of initial consultation: The original 13 core indicator system, basic data from 
the “Global Supply Chain Disruption and Resilience” database (2021–2024), and industry 
analysis reports on the 2024 Red Sea shipping crisis and supply chain “de-risking” policies 
of major economies were provided to the expert group. Through expert consultation, the 
core shortcomings of the original indicator system under the current situation changes were 
pointed out, and the risk indicators requiring addition were proposed.

Each expert scored the newly proposed indicators from three dimensions: relevance 
to overall supply chain risk, data availability, and current scenario adaptability. After this 
round of consultation, a total of eight preliminary candidate indicators were summarized, 
namely: C1 Geopolitical risk, C2 Extreme climate response rate, C3 Diversified cross-border 
logistics, C4 Supply chain warning response time, C5 Trade compliance risk level, C6 
Concentration of supplier regions, C7 Exchange rate fluctuation risk, and C8 Proportion of 
carbon compliance cost. The scoring results are shown in Table 2 below:

Table 2. Expert scoring table for indicator addition.

E1 E2 E3 E4 E5

C1 5 4 3 5 5
C2 5 5 4 4 3
C3 4 5 2 3 2
C4 2 5 3 3 4
C5 2 4 4 5 3
C6 4 3 4 4 2
C7 2 2 2 3 3
C8 2 3 2 4 4

The expert panel adopts a 1–5 scoring system, where 1 represents the lowest score and 
5 represents the highest score. The corresponding semantic descriptions for scores 1 to 5 
are: “Very low impact”, “Relatively low impact”, “Moderate impact”, “High impact”, and 
“Very high impact”, respectively. Relevant statistical indicators for each evaluation index, 
including the mean, standard deviation, rank, and correlation coefficients, are calculated 
based on the scoring sheets.
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Second round of feedback and revision consultation: The mean, standard deviation, 
and rank statistics of the indicator scores from the first round were anonymously fed back 
to all experts. Experts were informed of the differences between their individual scores and 
the group mean, and supplementary industry background materials were provided for 
indicators with large discrepancies, asking experts to revise their scores. After this round of 
consultation, Formula (4) was applied to calculate the Kendall’s coefficient of concordance, 
yielding a value of 𝑊 = 0.52 < 0.6. This indicates that the consistency of expert opinions 
did not meet the requirement, so a third round of consultation was needed.

Third round of convergence consultation: The statistical results of the second-round 
scores were fed back to the experts again. Focusing on indicators C7 and C8 with stan-
dard deviations greater than 1, supplementary materials including divergent opinions 
and current industry application status were provided, and experts were asked to give 
final scores and supplementary comments. After this round of consultation, the Kendall’s 
coefficient of concordance was recalculated and obtained as 𝑊 = 0.69 > 0.6, indicating 
that expert opinions reached a high degree of consistency. Thus, the Delphi consultation 
was terminated.

Based on the results of the three rounds of consultation, indicators C7 and C8, whose 
average expert scores were less than 3 and with low recognition of risk correlation, were 
eliminated. Finally, six new core candidate indicators were determined, namely: C1 Geopo-
litical risk, C2 Extreme climate response rate, C3 Diversified cross-border logistics, C4 
Supply chain warning response time, C5 Trade compliance risk level, and C6 Concentration 
of supplier regions.

5.2.2. Evaluation Indicator Screening
1. Screening of High Correlation Indicators by Grey Relational Analysis Method
Based on the six new candidate indicators determined by the Delphi method, the 

grey relational analysis algorithm was used to calculate the correlation degree between the 
candidate indicators and the overall risk level of the industrial supply chain. Indicators with 
low correlation were eliminated, and new indicators highly consistent with the evaluation 
objectives were screened out.

The overall risk level of the industrial supply chain is adopted as the reference sequence 
𝑋0, whose values are derived from weighted calculation based on the initial weights of the 
original 13 indicators, covering sample data of 16 quarters from 2021 to 2024. Six newly 
added candidate indicators are taken as the comparative sequences, with data sourced from 
the Global Supply Chain Disruptions and Resilience database, public annual reports of 
corresponding industrial enterprises, and industry statistical bulletins, respectively. After 
preprocessing, including missing value imputation and outlier elimination via the 3σ
criterion, 10,000 original transportation records extracted from the database are subjected 
to stratified aggregation and calculation by indicator dimension. Details of the indicator 
quantitative mapping are presented in Appendix B. All indicators are normalized to the 
interval [0, 1] using the extremum method, and annual panel data spanning 2021 to 2024 
are finally constructed. The specific values for the year 2021 are shown in Table 3, and the 
complete data table is provided in Appendix B.

The data were standardized according to Formulas (5) and (6) to eliminate differences 
caused by dimensions and orders of magnitude. The standardized data for each quarter of 
2021 are presented in Table 4.
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Table 3. Comparison of original data for Grey Relational Indicators.

Indicator Type Indicator 2021Q1 2021Q2 2021Q3 2021Q4 Indicator Attribute

Reference sequence Overall risk level of the 
supply chain X0 0.272 0.298 0.305 0.326 -

comparison sequence Geopolitical risk C1 0.687 0.758 0.732 0.726 Negative

comparison sequence Extreme climate 
response rate C2 0.654 0.671 0.677 0.633 Positive

comparison sequence Diversified cross-border 
logistics C3 0.369 0.376 0.402 0.415 Positive

comparison sequence Supply chain warning 
response time C4 0.851 0.869 0.855 0.825 Negative

comparison sequence Trade compliance risk 
level C5 0.537 0.5621 0.589 0.554 Negative

comparison sequence Concentration of 
supplier regions C6 0.638 0.605 0.629 0.611 Negative

Table 4. Comparison of standardized data for Grey Relational Indicators.

Indicator 2021Q1 2021Q2 2021Q3 2021Q4

X0 0.0000 0.0634 0.0805 0.1317
C1 0.1308 0.0000 0.0479 0.0589
C2 0.0963 0.1743 0.2018 0.0000
C3 0.0000 0.0178 0.0838 0.1168
C4 0.0465 0.0000 0.0362 0.1137
C5 0.3265 0.1985 0.0612 0.2398
C6 0.5658 1.0000 0.6842 0.9211

The absolute differences between the standardized comparison sequence and the 
reference sequence at each sample point were calculated according to Formulas (7) to (9), 
and the correlation coefficients of each candidate indicator were obtained. The calculated 
results are shown in the Figure 3 below.

Figure 3. Candidate indicator correlation screening chart.

The grey relational degrees between indicators C5, C6 and the original indicator set 
are relatively low, which cannot accurately reflect the risk situation of the industrial supply 
chain. Therefore, indicators C5 and C6 are eliminated.
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2. Screening of Indicator Volatility by Entropy Weight-Coefficient of Variation Method
On the premise that the candidate indicator set has a high correlation with industrial 

supply chain risk assessment, the fluctuation degree of indicators is calculated by the 
entropy weight-coefficient of variation method, and redundant and inefficient indicators 
are eliminated to complete the final evolutionary reconstruction of the indicator system.

Indicators C1, C2, C3, and C4 are added to the original evaluation indicators, and the 
evaluation indicators are optimized according to the entropy weight-coefficient of variation 
method. The amount of information and importance degree of each indicator calculated by 
Formulas (10) to (16) are shown in the table below.

Table 5. Calculation of indicator importance by entropy weight-coefficient of variation method.

Indicators Utility Value 
𝝎1i

Coefficient of 
Variation 𝝎2i

Contribution 
Rate 𝜸i

Contribution 
Ranking

On time delivery rate B1 0.149 0.099 0.123 2
Inventory turnover days B2 0.047 0.056 0.052 10

Capacity flexibility B3 0.039 0.052 0.045 13
Concentration of key nodes B4 0.050 0.056 0.053 9

Node substitutability B5 0.067 0.067 0.068 5
Infrastructure guarantee capability B6 0.040 0.052 0.046 12

Natural disasters impact B7 0.059 0.063 0.061 8
Policy Stability B8 0.041 0.051 0.047 11

Fluctuations in raw material prices B9 0.026 0.041 0.033 14
Information synergy B10 0.083 0.075 0.080 4

Node interruption recovery time B11 0.062 0.063 0.063 6
Proportion of R&D funds B12 0.016 0.032 0.023 15

Alternative plan generation time B13 0.006 0.020 0.011 17
Geopolitical risk C1 0.093 0.078 0.086 3

Extreme climate response rate C2 0.014 0.030 0.020 16
Diversified cross-border logistics C3 0.062 0.063 0.063 7

Supply chain warning response time C4 0.147 0.104 0.125 1

According to the screening rules, the indicators are sorted from high to low in terms 
of overall importance, and those with a cumulative importance level of 94% or higher 
are selected to eliminate the remaining redundant and inefficient indicators. Calculations 
indicate that the cumulative proportion of the comprehensive importance of the first 14 
indicators reaches 94.21%, which fulfills the assessment requirements. The remaining three 
indicators (C2, B12, B13) are therefore excluded.

This evolution removed the original indicators B12, B13, and candidate indicator C2, 
and added indicators C1, C3, and C4 to the original indicator system to obtain the evolved 
indicator set {𝑋𝑒, 2}. The evolved indicator system not only retains the core evaluation 
dimensions of the original system, but also accurately supplements core indicators such as 
geopolitics, cross-border logistics, and chain breakage warning that are adapted to changes 
in the current supply chain pattern, achieving dynamic evolution and precise adaptation of 
the indicator system.

5.3. Weight Evolution and Reconstruction of Industrial Supply Chain System
5.3.1. Correlation Analysis of Indicators Based on DEMATEL Algorithm

Firstly, a 5-person expert consulting group was formed to score the degree of impact 
correlation between the original 13 indicators on a 0~10-point scale. The weights of the five 
experts were set to 0.2, and the group evaluation direct correlation matrix of the original 
13 indicators was obtained, as shown in Table 6:
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Table 6. Original index correlation matrix.

Indicators B1 B2 B3 B4 B5 B6 B7 B8 B9 B10 B11 B12 B13

B1 8 0 4 0 6 0 0 4 0 3 4 0 2
B2 6 7 5 2 5 0 4 0 0 0 5 0 6
B3 8 6 5 0 5 5 0 7 0 5 6 3 6
B4 7 6 5 8 5 6 4 0 0 0 8 0 6
B5 7 2 5 0 8 0 0 0 5 0 0 0 4
B6 6 3 6 0 2 7 7 0 0 4 8 1 6
B7 7 7 0 0 0 0 5 6 0 2 6 0 6
B8 7 6 5 6 6 6 0 9 7 5 0 7 4
B9 7 2 2 7 2 0 3 6 6 7 0 8 4

B10 7 4 4 3 0 0 0 0 6 6 4 0 0
B11 4 3 8 0 5 1 0 0 0 6 4 7 6
B12 0 2 0 5 0 6 2 5 5 7 5 4 0
B13 0 3 0 0 6 0 4 0 3 8 7 6 6

According to the algorithm steps in Section 4.2, the direct correlation matrix is normal-
ized to obtain the correlation matrix N.

𝑁 =

[



0.1176 0.0000 0.0588 ⋯ 0.0294
0.0882 0.1029 0.0735 ⋯ 0.0882
0.1176 0.0882 0.0735 ⋯ 0.0882

⋮ ⋮ ⋮ ⋯ ⋮
0.0000 0.0441 0.0000 ⋯ 0.0882

]



Then, based on the matrix operation, the comprehensive influence matrix T is obtained 
as follows:

𝑇 =

[



0.2265 0.0582 0.1351 … 0.0994
0.2158 0.1873 0.1630 … 0.1906
0.3072 0.2075 0.2111 … 0.2256

⋮ ⋮ ⋮ … ⋮
0.1255 0.1294 0.0874 … 0.1814

]



According to the formula in Section 4, the influence degree, affected degree, and 
centrality of each indicator were further calculated, and the results are shown in Table 7.

Table 7. Calculation results of DEMATEL comprehensive impact matrix.

Indicator Row Influence x̃i Column Influence ỹj External Relevance Rai Importance Qi

B1 0.0126 1.0000 −0.9874 1.0126
B2 0.1996 0.4757 −0.2761 0.6753
B3 0.6343 0.5207 0.1136 1.1550
B4 0.5871 0.0389 0.5482 0.6260
B5 0.0000 0.5823 −0.5823 0.5823
B6 0.4504 0.0392 0.4113 0.4896
B7 0.2158 0.0000 0.2158 0.2158
B8 1.0000 0.2023 0.7977 1.2023
B9 0.6272 0.1313 0.4960 0.7585

B10 0.1004 0.5840 −0.4835 0.6844
B11 0.3078 0.5777 −0.2699 0.8855
B12 0.3428 0.2113 0.1316 0.5541
B13 0.2587 0.6021 −0.3435 0.8608

Taking 𝑄𝑖 as the abscissa and 𝑅𝑎𝑖
 as the ordinate, the risk factor distribution map 

is drawn, as shown in Figure 4. According to the calculation formula of the difference 
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𝑅𝑎𝑖
 between influence degree and influenced degree, the upper half of the vertical axis 

represents causal indicators, and the lower half represents result indicators. The circular 
marks in the figure represent the top five key risk indicators.

 

Figure 4. Causal relationship diagram of indicators.

The causal relationship diagram of indicators (shown in Figure 4) classifies indicators 
into causal indicators and result indicators based on the external relevance 𝑅𝑎𝑖

, so as to 
provide directions for subsequent improvement. Among them, seven indicators including 
“Capacity flexibility”, “Concentration of key nodes”, “Infrastructure guarantee capability”, 
“Natural disaster impact”, “Policy stability”, “Fluctuations in raw material prices” and 
“Proportion of R&D funds” have positive external relevance A and are therefore causal 
indicators. Causal indicators are the core driving factors of supply chain risks. Among them, 
policy stability B8 has the highest 𝑅𝑎𝑖

 value of 0.7977, indicating that policy stability is the 
prerequisite for the stability of the entire industrial supply chain [26]. Changes in policies 
will directly lead to global changes in the supply chain, which is the core inducement 
of systemic risks. Among the result indicators, on time delivery rate B1 has the largest 
absolute value of 𝑅𝑎𝑖

 at 0.9874, indicating that on-time delivery rate is most affected by other 
indicators and is the core early-warning signal of potential risks in the supply chain. When 
B1 fluctuates greatly, it indicates that a high-risk event has occurred in a certain link or 
the whole supply chain. It is necessary to determine whether to recalculate the weights or 
carry out the evolutionary reconstruction of indicators and weights, and adjust the whole 
industrial supply chain according to the evaluation results.

From the perspective of indicator importance 𝑄𝑖, policy stability B8 has the highest 
importance with a 𝑄𝑖 value of 1.2023, followed by capacity flexibility B3 with a 𝑄𝑖 value of 
1.1550, indicating that the changes in these two indicators have the most significant impact 
on the entire industrial supply chain risk assessment system and are the core indicators 
determining the overall risk level of the supply chain. Production capacity flexibility is the 
core of the modern industrial supply chain, which directly determines the supply chain’s 
response to market demand fluctuations and adaptability to emergencies. Policy stability is 
the guarantee for the long-term stable development of the supply chain, and a stable policy 
environment can enable the entire supply chain to have strong risk resistance.
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5.3.2. Weight Evolution Calculation Based on DEMATEL Algorithm
1. Weight Reconstruction After Indicator Deletion
According to the comprehensive influence matrix, indicators B12 and B13 are correlated 

with other indicators, so their weights cannot be deleted directly. The evolutionary update of 
the original indicator weights is carried out according to the correlation between indicators 
obtained by the DEMATEL algorithm.

The set of indicators related to the deleted indicator B12 is 𝑅𝐴1 = {𝐵10}. The com-
prehensive importance of indicator B12 to indicator B10 is 0.2154, indicating a significant 
influence. Therefore, to eliminate the impact of indicator B12 on the new indicator system, 
it is necessary to reduce the weight of indicator B10 and increase the weights of other 
indicators through the formula.

The updated weight values of different indicators calculated according to the formula 
are as follows:

{𝑋𝑤, 2} =
{


0.097, 0.091, 0.095, 0.082, 0.072, 0.068,
0.051, 0.123, 0.072, 0.069, 0.104, 0.071

}


The set of indicators related to the deleted indicator B13 is 𝑅𝐴2 = {𝐵10, 𝐵11}. The 
comprehensive importance of indicator B13 to indicators B10 and B11 is 0.2254 and 0.2016, 
respectively, indicating a significant influence. Therefore, to eliminate the impact of indicator 
B13 on the new indicator system, it is necessary to reduce the weight of indicator B10 and 
increase the weights of other indicators through the formula. The updated weight values of 
different indicators calculated according to the formula are as follows:

{𝑋𝑤, 3} =
{


0.106, 0.100, 0.104, 0.091, 0.081, 0.077,
0.060, 0.132, 0.081, 0.063, 0.098

}


2. Weight Reconstruction After Indicator Addition
The new indicators C1, C3 and C4 are added to the DEMATEL evaluation system, and 

the comprehensive importance of each indicator is recalculated through matrix operation, 
as shown in the Table 8 below.

Table 8. Calculation of importance of new indicators.

Indicator Row Influence x̃i Column Influence ỹj External Relevance Rai Importance Qi

C1 0.7554 0.0474 0.7080 0.8029
C3 0.0000 0.5904 −0.5904 0.5904
C4 0.4142 0.2125 0.2016 0.6267

According to the calculation results, the importance proportion of the new indicators 
in the overall indicator system is 0.1927. The updated evaluation indicator weights are 
evolutionarily adjusted according to Formula (24), and the final indicator weights are 
obtained as follows:

{𝑋𝑤, 4} =
{


0.092, 0.088, 0.091, 0.083, 0.077, 0.074, 0.064,
0.107, 0.077, 0.066, 0.087, 0.037, 0.027, 0.029

}


After evolution, the weight ranking of production capacity flexibility (B3) rose from the 
fourth place to the third place, entering the ranks of core indicators. This change profoundly 
reflects the escalating demand for “resilience” construction in modern industrial supply 
chains. In traditional static evaluation systems, production capacity indicators are usually 
only regarded as quantitative representations of production capacity. However, based on 
the improved DEMATEL model, this study reveals that production capacity flexibility not 
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only directly determines its own risk level, but also acts on multiple downstream indica-
tors such as on-time delivery rate (B1) and inventory turnover days (B2) through chain 
transmission effects. This finding fills the gap in the existing literature on the quantitative 
analysis of supply chain resilience transmission mechanisms and deepens the understand-
ing of dynamic interrelationships among indicators. Policy stability (B8) still maintains 
the highest weight after evolution, which is attributed to the fact that the global layout of 
industrial supply chains is highly dependent on stable trade policies, tariff systems and 
regulatory environments. Policy changes will generate systematic full-chain transmission 
effects through the upstream and downstream of the industrial chain. This conclusion is 
consistent with the findings of Lyu et al. [2] in 2026, which also confirmed in the risk assess-
ment of the global soybean supply chain network that national-level policy intervention is 
the core driving factor causing sudden changes in the importance of supply chain nodes. 
On-time delivery rate (B1) ranks second in weight, with the absolute value of its external 
correlation degree reaching 0.9874, the highest among all indicators. It is a typical terminal 
outcome-oriented indicator, and this characteristic is determined by the inherent linear 
transmission structure of industrial supply chains. The continuity of industrial production 
requires that all upstream links such as raw material procurement, manufacturing and 
logistics distribution must achieve high coordination. Any risk disturbance in a single 
link will eventually be transmitted to the terminal and manifested as delivery delay. The 
weight evolution results show that the importance ranking of on-time delivery rate (B1) 
has increased by one place compared with that before evolution. With the inclusion of new 
indicators such as diversification of cross-border logistics channels (C3) and supply chain 
disruption early-warning response time (C4), the influenced degree of on-time delivery rate 
has further improved, which fully demonstrates that in complex dynamic environments, the 
sensitivity of supply chain terminals to various upstream risks has significantly increased.

5.4. Comparative Analysis of Methods
This study compares the proposed indicator–weight evolution algorithm with two 

representative approaches. The first is the static entropy weight–analytic hierarchy process 
(EW-AHP), which represents a subjective–objective combined weighting method under 
a fixed indicator system. The second is the Dynamic Bayesian Network (DBN), which 
represents a dynamic probabilistic model capable of capturing probabilistic dependencies 
among risk factors and their propagation over time. All three methods use the same 14 
risk indicators derived from the final case study and follow consistent data preprocessing 
procedures and risk event labeling protocols to minimize the influence of differences in 
indicator inputs on the comparative results.

The comparison is conducted from four perspectives. First, the consistency and trend 
stability of the three algorithms are examined by analyzing the correlations between their 
indicator weights or relative importance scores. Second, the average computational time 
required to complete the entire modeling process is compared. Third, out-of-sample risk 
prediction errors and the hit rate for identifying the top five core risk factors are evaluated. 
Fourth, the 2024 Red Sea shipping disruption is used as an external validation scenario 
to compare changes in risk scores and the ability to identify key risk drivers. It should be 
noted that the direct output of a DBN is the posterior probability of a risk state rather than 
a conventional linear weight. To ensure comparability, the marginal effect of each indicator 
on the posterior probability of the high-risk state is used to represent its relative importance 
in the DBN. These importance scores are then normalized and compared with the weight 
vectors obtained from the other two methods.

Furthermore, the 16 quarterly observations obtained by aggregating the original data 
are not statistically equivalent to the underlying supply chain records. The former are 
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used to characterize temporal variations at the quarterly level, whereas the latter are used 
to construct the corresponding indicator data. Since the estimation of conditional prob-
ability parameters in a DBN depends on valid time-series observations, the number of 
underlying records cannot be directly equated with the number of independent quarterly 
state-transition samples.

Given the limited number of quarterly time-series observations, the DBN training 
process preserves the chronological order of the data to avoid information leakage from 
the future that could result from randomly shuffling the time series. To mitigate parameter 
estimation instability under small-sample conditions, the network structure is constrained to 
avoid unnecessary parent-node connections, and state combinations occurring infrequently 
in the training data are handled explicitly. All preprocessing settings and model parameters 
are determined exclusively using the training data, while the test data are used only for 
out-of-sample evaluation.

To further avoid circular dependence between threshold selection and evaluation 
metrics, threshold validation is distinguished from the assessment of internal model per-
formance. Sensitivity analysis is used to examine the effects of different thresholds on 
indicator retention, system redundancy, and weight stability. The final suitability of the 
selected thresholds is then evaluated using independent out-of-sample data and actual 
supply chain disruption events. External validation does not rely on the composite scores 
obtained from the threshold sensitivity analysis in this study; instead, it uses observed 
risk levels in out-of-sample data, the occurrence of actual disruption events, and objective 
operational changes as evaluation benchmarks.

5.4.1. Comparative Analysis of Consistency Among Different Methods
This study adopts the Pearson correlation coefficient and Spearman rank correlation co-

efficient to compare the correlation of the two algorithms from the perspectives of numerical 
magnitude and ranking logic.

The specific procedures for analyzing and calculating risk factors and historical data 
via the entropy weight-AHP algorithm [27] are as follows: (1) Construction of the risk 
factor indicator system. To eliminate the impact of inconsistent indicator systems on the 
comparative results of the two methods, the final indicator system derived from the indicator 
evolution mentioned above is applied for evaluation. (2) Establish a judgment matrix 
through pairwise comparisons by experts, calculate eigenvectors to obtain the subjective 
weights of AHP, and conduct consistency tests. (3) Standardize the original data and 
compute the objective weights based on the entropy weight method. (4) Integrate subjective 
and objective weights using the linear weighting method.

The DBN algorithm [28] uses the 14 finalized risk indicators and the overall supply 
chain risk state as network nodes, with directed connections between adjacent time slices 
representing temporal dependencies in risk states. To control the number of parameters 
given the limited number of quarterly observations, the network structure is constrained 
based on expert knowledge and the causal relationships among indicators, avoiding unnec-
essary connections among all possible indicator combinations. DBN training consists of 
four steps: indicator state processing, network structure specification, conditional probabil-
ity parameter estimation, and risk state inference. First, the discretization boundaries for 
each indicator are determined using the training samples, and continuous indicators are 
converted into a finite set of discrete states. These boundaries are determined exclusively 
from the training set and remain unchanged during testing. Second, the network structure 
is specified according to predefined causal relationships and temporal dependency rules, 
with the number of parent nodes for each node restricted to reduce the dimensionality of 
the conditional probability tables. Third, the conditional probability tables are estimated 

https://doi.org/10.3390/su182111340

https://doi.org/10.3390/su182111340


Sustainability 2026, 18, 11340 25 of 41

from state-transition frequencies in the training samples. Smoothing is applied to state com-
binations that are absent or infrequent in the training data to mitigate the zero-probability 
problem. Finally, given the current indicator states, the posterior probability that the supply 
chain is in a high-risk state is calculated. Because a DBN directly outputs the posterior 
probability of the supply chain entering a high-risk state rather than conventional linear 
weights, this study derives relative importance scores to facilitate comparison of the core 
risk factors identified by different methods. Specifically, the discrete state of each indicator 
is varied individually while all other conditions are held constant, and the resulting change 
in the posterior probability of the high-risk state is calculated. The absolute changes are 
then normalized to obtain the relative importance of each indicator.

The comprehensive indicator weights calculated using the EW-AHP and the DBN 
algorithms are presented in Figure 5.

  
(a) Weight of each index in EW-AHP (b) Weight of each index in DBN 

Figure 5. Weight of each indicator in two traditional algorithms.

Based on the weights of each indicator sent by three methods, a comparison chart of 
the weight distribution of each indicator is obtained, as shown in Figure 6.

The standard deviations and covariances of the weights assigned to the 14 indicators 
by the three algorithms were calculated and substituted into the corresponding correlation 
coefficient formulas. The resulting Pearson and Spearman rank correlation coefficients 
between the proposed evolution algorithm and the conventional entropy weight–analytic 
hierarchy process (EW-AHP) method were 0.917 and 0.943, respectively, indicating strong 
agreement between the two methods in assessing the relative importance of most core 
indicators. The Pearson and Spearman rank correlation coefficients between the proposed 
evolution algorithm and the dynamic Bayesian network (DBN) algorithm were 0.862 and 
0.886, respectively. These differences may arise because the proposed method reconstructs 
the indicator set and adjusts indicator weights using DEMATEL, whereas the DBN primarily 
characterizes risk propagation through conditional probabilities and temporal dependen-
cies. The above results indicate that, for the 14 risk indicators and the current data settings 
adopted in this study, the proposed evolutionary algorithm exhibits a high degree of nu-
merical correlation and ranking consistency with the two benchmark methods in evaluating 
indicator importance. Furthermore, as illustrated by the indicator trend plots, the weight 
trends produced by the three algorithms are broadly consistent, suggesting that the pro-
posed method demonstrates a certain degree of stability and credibility. However, given the 
limitations of the available data and validation scenarios, the applicability of these findings 
requires further examination using additional independent datasets and actual enterprise 
operational records.
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Figure 6. Comparison chart of weights for three methods.

5.4.2. Comparative Analysis of Computational Timeliness
Industrial supply chain risk assessment requires not only accurate results but also 

timely updates in response to changing environmental conditions. Under identical hardware 
conditions (Intel Core i7-12700H processor and 16 GB RAM), the complete computational 
workflow of each of the three methods was executed 10 times, and the average runtime was 
calculated. To ensure consistency in the measurement scope, the runtime included model 
or indicator system construction, as well as one complete execution of weight updating 
or parameter learning and risk assessment. Non-computational activities, such as expert 
discussions and data downloads, were excluded. For the DBN, the first component included 
network structure initialization and conditional probability parameter learning, while the 
second comprised one round of risk state inference and indicator relative contribution 
calculation. The results are presented in Table 9.

Table 9. Time comparison of three algorithms.

Algorithm Indicator Establishment Time (s) Weight Calculation Time (s) Total Time (s)

Evolutionary 32.26 18.28 50.54
EW-AHP 54.73 23.19 77.92

DBN 58.47 26.15 84.62

The computational efficiency comparison reflects the time required by the three meth-
ods to complete one full evaluation workflow under the specific computational environment, 
data scale, and task definitions adopted in this study, rather than their general computational 
complexity across arbitrary data scales. To ensure a fair comparison, all three methods 
were evaluated using the same computational environment and timing rules, with the 
time required for model construction, weight calculation or parameter learning, and risk 
assessment measured consistently. Each method was executed 10 times, and the average 
runtime was used for comparison. The runtime of the DBN is closely related to its network 
structure, the number of states assigned to each node, the size of the conditional probability 
tables, and the parameter learning procedure. When the number of quarterly observations 
is limited, parameter learning itself may be relatively fast; however, the small sample size 
may also increase uncertainty in conditional probability estimation. Therefore, a shorter 
runtime does not necessarily imply higher predictive accuracy, and computational efficiency 
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and predictive performance should be evaluated separately. The runtime comparison in 
this study is intended to characterize differences in computational costs among the three 
methods under the current experimental settings and should not, on its own, be used to 
infer their overall relative performance in real-world industrial supply chain environments.

The total runtime of the proposed evolutionary algorithm was 50.54 s, which was 
27.38 s and 34.08 s shorter than those of the two conventional methods, respectively. This 
represents an improvement in computational efficiency of over 30%, demonstrating that 
the proposed algorithm can meet the requirements of rapid risk assessment in industrial 
supply chains. Although the proposed algorithm incorporates additional key steps, such as 
evolution trigger detection and indicator causal analysis, it substantially reduces computa-
tional time in two ways. During indicator system construction, only the existing indicator 
system needs to be updated in response to changes in the external environment, thereby 
saving considerable time. During weight calculation, weights are updated and adjusted 
based on the overall influence relationships among indicators, eliminating the need for 
computationally intensive weight-coupling calculations across multiple evaluation methods. 
Consequently, the proposed algorithm enables rapid reassessment of indicators and their 
weights in dynamic scenarios, significantly improving supply chain risk response efficiency.

5.4.3. Out-of-Sample Risk Testing
To verify the practical risk assessment accuracy of the algorithm proposed in this 

paper, a time-series rolling out-of-sample test is designed. Different from in-sample weight 
correlation comparison, the out-of-sample test can directly reflect the method’s capability 
to identify unknown risks, and serves as a core indicator for measuring the practical value 
of dynamic assessment methods. The test scheme is designed as follows:

1. Training set: Based on sample data from Q1 2021 to Q4 2024 (a total of 16 quarterly 
observations), which is used to construct the indicator system and calculate initial weights 
for the two respective methods.

2. Test set: Data from Q1 to Q4 2025 are adopted as out-of-sample data to conduct 
supply chain sustainability assessment.

3. Reference benchmark: The actual comprehensive risk level, calculated based on the 
full sample and verified against the disruption events recorded in the dataset, is taken as 
the ground-truth risk benchmark.

Two metrics, namely the mean absolute percentage error (MAPE) of risk and the hit 
rate of Top-5 risk indicators, are selected as the criteria for comparison. The performance 
comparison results are presented in Figure 7 below:

 

Figure 7. Comparison of out-of-sample risk prediction performance.
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As shown in this figure, the proposed evolutionary algorithm outperforms the conven-
tional assessment methods on both out-of-sample evaluation metrics, nearly halving the risk 
score prediction error and substantially improving the accuracy of key factor identification.

In terms of methodological characteristics, EW-AHP relies on fixed weights that are 
less capable of adapting promptly to changes in risk drivers. DBN can model temporal 
dependencies and risk propagation, but its predictive performance is influenced by network 
structure, discretization methods, conditional probability estimation, and training sample 
size. In contrast, the proposed method responds to structural changes through trigger-based 
mechanisms, indicator screening, and coordinated weight updates.

5.4.4. Retrospective Validation Based on the Red Sea Shipping Disruption Event
To further examine the dynamic response capability of the proposed algorithm to a 

typical supply chain disruption, this study selects the 2024 Red Sea shipping disruption as a 
case study and conducts a retrospective comparison of the risk assessment performance of 
different methods before and after the event, using event-related records from the publicly 
available *Global Supply Chain Disruptions and Resilience* dataset. The Red Sea shipping 
disruption was a real-world systemic risk event with a well-documented background and 
identifiable risk drivers, providing a real-event reference for comparing the responses 
of different risk assessment methods to major supply chain disruptions. It should be 
noted that the data used in this study consist of publicly available synthetic aggregated 
data rather than original operational records from a single enterprise. Accordingly, this 
section uses a real historical event as the analytical context for retrospective event-scenario 
validation. The primary objective is to examine the extent to which different methods capture 
changes in risk before and after the event and identify the key risk drivers. This validation 
provides supplementary evidence of the effectiveness of the proposed method under a 
typical disruption scenario. However, it cannot fully substitute for field validation using 
independent enterprise operational data. The applicability of the findings to enterprise-level 
risk early warning therefore requires further examination using actual operational data.

The test window is set from Q4 2023 (pre-event) to Q1 2024 (after the outbreak of the 
event). The risk identification performance of the two methods before and after the event 
is compared from two dimensions: the magnitude of change in comprehensive risk value, 
and the identification accuracy of core risk drivers. The comparison results are presented 
in Table 10.

Table 10. Comparison of out-of-sample risk prediction performance.

Comparison Dimension Evolutionary EW-AHP DBN

Comprehensive risk value before the event 0.572 0.486 0.558
Comprehensive risk value after the event 0.785 0.613 0.741

Increase rate of risk value 37.24% 26.13% 32.80%
Number of correctly identified core risk drivers 5/6 3/6 4/6

The validation results demonstrate that the evolutionary algorithm proposed in this 
paper exhibits significantly stronger risk capture capability for real sudden disruption events. 
On the one hand, the evolutionary algorithm identified the rising trend of geopolitical and 
cross-border logistics risks as early as Q4 2023 and triggered the index-weight co-evolution 
mechanism, bringing the risk value close to the high-risk threshold before the outbreak of 
the event, which could provide enterprises with an early-warning window of approximately 
one quarter. In contrast, the static EW-AHP method did not exceed the high-risk threshold 
until Q1 2024, when the event had already exerted substantial impacts, showing obvious 
hysteresis in risk identification. DBN can capture certain temporal dependencies and risk 
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propagation patterns; however, its adaptability to structural changes may still be constrained 
by fixed indicator inputs and network parameters. Given that this analysis uses quarterly 
observations and publicly available synthetic aggregated data, the risk increase observed 
one quarter before the event should be interpreted as a potential early-warning signal 
identified in this retrospective case study, rather than directly equated with a verified 
warning lead time in actual enterprise operations. Overall, the retrospective analysis of the 
Red Sea disruption provides supplementary evidence of the proposed method’s dynamic 
risk response capability in a typical disruption scenario, while also highlighting the need for 
further validation of its practical early-warning performance using independent enterprise 
operational data.

5.4.5. Cross-Industry Universality Verification
To further verify the industrial applicability, conclusion robustness, and verification 

independence of the evolutionary algorithm proposed in this paper, and to address the 
limitation of insufficient single-scenario verification, the process-type chemical supply 
chain is selected as the independent verification subject. The data are sourced from the 
Wind Chemical Industry Chain Database and the Report on China’s Chemical Supply 
Chain Operation Index jointly published by the China Federation of Logistics & Purchasing 
(CFLP). Samples are drawn from six leading listed chemical enterprises in China, covering 
16 quarters of supply chain data spanning from Q1 2021 to Q4 2024. The number of valid 
observation samples per quarter ranges from 620 to 710, with an average of 665, which meets 
the statistical requirements of the algorithm proposed in this study. The data preprocessing 
procedure is consistent with that adopted in the original case.

Taking the stable operation period spanning Q1 2021 to Q4 2022 as the baseline period, 
the anomaly values are calculated in accordance with the evolutionary trigger rules specified 
in Section 2.2 of this study. Results indicate that, under the impacts of shocks including 
domestic pandemic lockdowns and surging international prices of chemical raw materials, 
the overall supply chain anomaly value reached 0.672 in Q2 2023. This figure exceeds the 
trigger threshold of 0.6, which satisfies the precondition for indicator-weight co-evolution. 
Drawing on the existing literature, an initial risk indicator system is constructed from four 
dimensions (Operational and Process Adaptability, Network Structure Resilience, External 
Environmental Shocks, and Disruption and Recovery Capability), encompassing a total 
of 12 core indicators. The specific indicators and their corresponding initial weights are 
presented in the Table 11 below.

Following the same expert selection criteria as the original case, a 5-member expert 
advisory panel was established. Through multiple rounds of Delphi consultations, six new 
candidate indicators are finally determined: Impact Coefficient of Epidemic Prevention and 
Control (C1), Raw Material Supply Guarantee Rate (C2), Main Line Logistics Smoothness 
(C3), Impact Degree of Environmental Production Restrictions (C4), Energy Cost Proportion 
(C5), and Supply Chain Digitalization Level (C6). The original indicators and candidate 
indicators are analyzed and processed in accordance with the indicator evolution method, 
and the evolved indicator system is obtained as follows.

In the first step, the GRA method is adopted, and eight quarters of supply chain data 
from 2021 Q1 to 2023 Q4 are selected as the benchmark. Taking the overall risk level of the 
chemical supply chain as the reference sequence, the correlation degrees of the six candidate 
indicators are calculated, and the processed raw data are presented in Appendix C. The 
average grey relational degree of each candidate indicator is derived according to the 
formula. The results show that the grey relational degrees of two indicators, namely the 
Impact Coefficient of Epidemic Prevention and Control and the Supply Chain Digitalization 
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Level, fall below the threshold of 0.8 and thus are eliminated, while the remaining four 
candidate indicators with high correlation degrees are retained.

Table 11. Initial risk assessment index system for chemical supply chain.

Goal Level Dimension Level Indicator Level Initial Weight Indicator Attribute

Risk Level of 
Chemical Supply 

Chain

Operational and 
Process Adaptability

On-time Delivery Rate B1 0.109 Positive
Raw Material Inventory 

Turnover Days B2 0.089 Negative

Production Unit Utilization 
Rate B3 0.084 Positive

Capacity Flexibility B4 0.078 Positive

Network Structure 
Resilience

Core Supplier 
Concentration B5 0.097 Negative

Diversification of Raw 
Material Transportation 

Routes B6
0.072 Positive

Warehousing Facility 
Support Capacity B7 0.064 Positive

External 
Environmental 

Shocks

Raw Material Price 
Volatility B8 0.110 Negative

Environmental Compliance 
Risk B9 0.079 Negative

Production Safety Risk B10 0.092 Negative

Disruption and 
Recovery Capability

Average Recovery Time 
from Unit Failure B11 0.058 Negative

Emergency Response 
Activation Timeliness B12 0.068 Negative

In the second step, the retained candidate indicators are incorporated into the initial 
indicator set, and the entropy-weight variation coefficient method is applied to calculate 
the comprehensive contribution rate of each indicator. Indicator screening is conducted 
based on the cumulative contribution rate, with the detailed calculation process provided in 
Appendix C. The calculation results indicate that the cumulative comprehensive contribu-
tion rate of the top 13 indicators reaches 94.4%, which satisfies the screening requirements. 
Three redundant indicators are eliminated from the candidate indicators, including Produc-
tion Safety Risk and Average Recovery Time from Unit Failure from the initial indicators, 
and Impact Degree of Environmental Production Restrictions. Finally, a chemical supply 
chain risk indicator system consisting of 13 core indicators is formed through evolution.

Using the improved DEMATEL model proposed in Section 4 of this paper, causal 
correlation analysis and weight update calculations are performed on the evolved indica-
tor system. The expert scoring table and DEMATEL calculation results are presented in 
Appendix C. The results of indicator causal classification show that six indicators, including 
raw material price volatility, diversification of raw material transportation routes, and core 
supplier concentration, are cause indicators, which serve as the core driving factors of 
chemical supply chain risks; six indicators, including on-time delivery rate and production 
unit utilization rate, are effect indicators and represent the terminal manifestations of supply 
chain risks.

Two indicators, B7 and B11, are eliminated from the initial 12 indicators. Based on the 
comprehensive influence matrix, the set of indicators that have significant correlation with 
the deleted indicators is identified, and weight incremental adjustment is carried out to 
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avoid weight distortion caused by direct deletion. The adjusted weights of each indicator 
are as follows:

{𝑋𝑤, 2} = {0.100, 0.099, 0.094, 0.083, 0.121, 0.077, 0.134, 0.103, 0.116, 0.073}

The newly added indicators C2, C3 and C5 are incorporated into the DEMATEL 
evaluation system. Supplementary expert scoring is conducted for the impact relationships 
between the newly added indicators and the original 10 indicators, and the comprehensive 
influence matrix and the importance degree of each indicator are recalculated. Evolutionary 
adjustment is performed on the weights of the updated evaluation indicators in accordance 
with Equation (24), and the final indicator weights are obtained as follows: 

{𝑋𝑤, 3} = {0.093, 0.082, 0.076, 0.060, 0.106, 0.059, 0.100, 0.090, 0.087, 0.064, 0.094, 0.046, 0.044}

The weight evolution results yield three main findings. First, the three newly added 
indicators, including Raw Material Supply Guarantee Rate, Main Line Logistics Smoothness 
and Energy Cost Proportion, all rank among the top in terms of weight. They accurately 
reflect the shift in core risks in the chemical supply chain from the production side to 
the supply and logistics sides under the shocks of pandemic lockdowns and raw material 
price hikes, which is highly aligned with the industry’s actual risk priorities. Second, 
cause indicators have a larger overall weight adjustment amplitude than effect indicators. 
This conforms to the design logic of the improved DEMATEL model proposed in this 
study that weights dynamically interact with causal transmission relationships, and verifies 
the rationality of the weight redistribution mechanism. Third, cross-scenario comparison 
shows that both industries follow the same pattern after evolution. The weights of external 
shock indicators rise, while those of conventional operation indicators decline relatively. 
Meanwhile, On-time Delivery Rate remains the core effect indicator throughout the analysis, 
which confirms the cross-industry consistency of the method’s evolutionary logic.

Unlike the retrospective scenario analysis of the Red Sea shipping disruption presented 
in Section 5.4.4, this section uses supply chain data from the chemical industry obtained 
from a different source to examine the applicability of the proposed method in another 
industrial sector. Provided that these data were not used in model construction or param-
eter calibration, this cross-industry analysis offers additional evidence of the method’s 
applicability from the perspectives of both data provenance and application context.

5.4.6. Results and Discussion
Taken together, the above validation results demonstrate that the proposed indicator–

weight co-evolution algorithm offers substantial performance advantages in dynamic sce-
narios. These improvements primarily stem from three design features. First, the trigger 
mechanism enables proactive updates to the assessment framework, mitigating the lag 
inherent in static models following environmental changes. Second, indicator evolution 
incorporates both correlation and information contribution to screen indicators, ensuring 
that the indicator system remains appropriate for the evolving scenario. Third, the im-
proved DEMATEL-based weight redistribution mechanism leverages causal transmission 
relationships among indicators to achieve incremental and smooth weight updates.

Compared with existing studies, our findings are consistent with those of Lyu et al. [2], 
who identified policy factors as key drivers of supply chain risk, with both studies confirm-
ing the systemic influence of external environmental variables on supply chain systems. 
However, this study further quantifies the propagation effects of weight changes following 
indicator addition or removal and reveals risk transmission pathways associated with indica-
tors such as production capacity flexibility, thereby addressing a gap in existing research on 
dynamic weight updating mechanisms. Compared with the hybrid fuzzy DEMATEL model 
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proposed by Xiang et al. [6], the key advantage of our method is its ability to accommodate 
dynamic changes in the indicator set, rather than calculating weights solely within a fixed 
indicator framework. This makes it better suited to scenarios involving structural changes, 
such as geopolitical conflicts and policy adjustments.

Nevertheless, the proposed method has certain applicability boundaries. In stable 
systems where the indicator framework does not require adjustment, its performance 
advantage over conventional static methods is limited, while its computational complexity 
is slightly higher. The benefits of the proposed method become more pronounced only 
when structural changes occur and the existing indicator system becomes less suitable for 
the evolving environment.

6. Conclusions
This study addresses three major limitations of conventional industrial supply chain 

risk assessment systems: fixed indicator sets, static weights, and limited adaptability to 
dynamic conditions. To overcome these limitations, we propose an innovative two-stage 
integrated algorithm for indicator–weight co-evolution based on a “trigger–reconstruction” 
mechanism. By integrating indicator evolution and weight evolution, the proposed algo-
rithm enables dynamic updates to the assessment framework. Validation across multiple 
scenarios demonstrates strong internal consistency: the Pearson and Spearman correlation 
coefficients between the weights generated by the proposed algorithm and those obtained 
using the conventional EW-AHP and Dynamic Bayesian Network (DBN) methods both 
exceed 0.8, while computational efficiency is substantially improved. External validation 
further demonstrates the practical advantages of the proposed algorithm: out-of-sample 
risk prediction errors are reduced by more than 40%, and risk identification for disruption 
events in the test set occurs approximately one quarter earlier than with static methods. 
These results indicate that the proposed algorithm enhances dynamic risk responsiveness. 
However, the above results are limited to the data, parameter settings, and evaluation tasks 
used in this study. Correlations between different weighting methods reflect the degree of 
consistency among the methods, while the retrospective analysis of the Red Sea shipping 
disruption based on publicly available synthetic aggregated data constitutes event-scenario 
validation and cannot substitute for independent external validation. Furthermore, the 
practical effects of the proposed algorithm on risk losses, warning lead times, and oper-
ational response efficiency have not yet been verified using actual enterprise operational 
data or real-world deployment trials. Therefore, the primary contribution of this study is to 
propose and preliminarily evaluate a dynamic indicator–weight co-evolution mechanism, 
rather than to claim that it has already been proven to deliver definite practical benefits 
across all industrial supply chain settings. Future research will use multiple independent 
data sources, actual enterprise operational records, and long-term follow-up trials to further 
evaluate the predictive validity, scope of applicability, and practical managerial value of the 
proposed method.

In terms of theoretical contributions, this study establishes an indicator–weight co-
evolution framework for industrial supply chain risk assessment, moving beyond conven-
tional static-assessment approaches and enriching the theoretical foundation of sustainable 
supply chain risk management. In practical terms, it provides a standardized dynamic 
assessment procedure that can serve as a methodological reference for the routine sup-
ply chain risk management of industrial enterprises engaged in cross-border trade. From 
a managerial perspective, the proposed framework establishes a quantitative evolution 
trigger mechanism, specifying that system updates should be initiated when the overall 
supply chain deviation value reaches or exceeds 0.6. This mechanism balances assessment 
timeliness with system stability and provides a scientific basis for long-term sustainable 
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development planning. The results demonstrate that, within the scenarios tested in this 
study, the proposed algorithm can rapidly update industrial supply chain risk indicator 
weights, better align the assessment framework with dynamic supply chain characteristics, 
and substantially improve the timeliness and accuracy of risk assessment.

6.1. Limitation Analysis
Although the evolutionary algorithm proposed in this paper has achieved good results 

in industrial supply chain risk assessment, this study still has the following limitations:
1. Limited industry applicability: The evolutionary algorithm proposed in this paper is 

primarily constructed around general discrete manufacturing industrial supply chains, 
and the case validation is conducted with cross-border trade industrial supply chains 
as the research object. It has not yet been verified for adaptability in segmented fields 
such as process industries and military special industries, and the generalizability of 
the algorithm across different industries remains to be further examined.

2. Subjective bias in expert evaluation: The Delphi method involved five experts, which 
may not adequately capture differences in professional backgrounds, industry types, 
and risk perceptions, potentially introducing selection and group cognitive biases. 
Although Kendall’s W was used to assess agreement, the small sample limits statisti-
cal inference and representativeness. High agreement therefore does not constitute 
sufficient statistical validation of the indicator selection results. The expert-number 
sensitivity analysis assesses model stability within the existing sample range but cannot 
replace independent validation with a larger expert panel.

3. Single data source: The case study solely relies on historical panel data from the single 
database of “Global Supply Chain Disruptions and Resilience”, without integrating 
multi-source heterogeneous information such as internal enterprise operation data, 
real-time industry monitoring data, and policy text data. The aggregated nature of the 
dataset means that the validation of real-world disruption events is scenario-based and 
retrospective. The applicability of the findings at the enterprise level requires further 
validation using actual operational data.

4. Unverified long-term effectiveness: This paper only completed a single case validation 
of indicator-weight evolution based on historical panel data. It has not verified the 
stability of the algorithm in multi-round continuous evolution scenarios through long-
term operation tracking data of industrial enterprises, nor has it conducted a systematic 
multi-dimensional comparative analysis with mainstream dynamic assessment models.

6.2. Future Improvement Direction
In view of the above limitations, further research can be carried out in the following 

aspects:
1. Development of industry-differentiated tools: Targeting the characteristics of process 

industries (continuous production, high process rigidity, and wide impact scope of 
accidents) and the features of military special industrial supply chains (high closure 
and strict confidentiality requirements), we will differentially adjust evolutionary 
trigger thresholds, indicator screening weight benchmarks and causal association 
calculation rules to construct a dedicated evolutionary algorithm system for different 
industries. Meanwhile, combined with tools such as Python (version 3.9) and MATLAB 
(R2021a), we will develop and integrate core modules including indicator evolution, 
weight reconstruction, result visualization and risk early warning, so as to expand the 
application scope and industry generalizability of the algorithm.

2. Multi-data source fusion verification: A multi-source heterogeneous data system 
integrating industry statistical data, enterprise ERP system data, real-time monitoring 
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data from IoT devices and policy and public opinion text data will be constructed to 
solve the one-sidedness problem of single data sources.

3. Subjective and objective bias suppression methods: The Fuzzy Analytic Hierarchy 
Process (FAHP) and machine learning-assisted scoring mechanism will be introduced 
to design differentiated quantitative mapping models for different types of qualitative 
indicators. The sample size of Delphi experts will be expanded to 10–15, covering 
multiple entities including academia, industry and regulatory authorities, to further 
reduce the influence of subjective factors on assessment results.

4. Long-term effectiveness verification: Long-term cooperation will be established with 
3–5 large industrial enterprises from different industries to collect real operational 
time-series data of more than 3 years, and carry out multi-round continuous evolution 
verification to evaluate the stability, robustness and cumulative error control capability 
of the algorithm in long-term dynamic scenarios. From the three core dimensions of 
assessment accuracy, computational efficiency and risk response speed, we will conduct 
a systematic comparison with mainstream methods such as dynamic Bayesian network 
models, LSTM time-series risk prediction models and reinforcement learning dynamic 
assessment models to quantify the relative advantages and applicable boundaries of 
the proposed algorithm.
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Appendix A 
To examine the reasonable ranges of the three core thresholds, a one-factor-at-a-time 

sensitivity analysis was first conducted using a controlled-variable approach. For each 
threshold, five levels were selected within theoretically and empirically supported ranges, 
with only one threshold varied at a time while all other parameters remained constant.

The evolution trigger threshold was set to 0.50, 0.55, 0.60, 0.65, and 0.70; the grey 
relational screening threshold was set to 0.70, 0.75, 0.80, 0.85, and 0.90; and the cumulative 
contribution rate was set to 90%, 92%, 94%, 96%, and 98%. These ranges cover the main 
levels of sensitivity, moderation, and conservatism.

The sensitivity analysis focused on three indicators: information retention rate, system 
redundancy, and result deviation. The information retention rate reflects the information 
coverage of the indicator system, system redundancy measures its compactness, and result 
deviation captures the effect of threshold variations on the stability of the weighting results. 
This analysis was intended solely to identify patterns in the model’s internal responses to 
different threshold settings; the composite score proposed in this study was not used as the 
sole basis for final threshold selection.
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A linear weighted-sum method was used to aggregate the three dimensions, with 
weights of 40% for information retention rate, 35% for system redundancy, and 25% for 
result deviation. Higher scores indicate greater overall suitability of the threshold values. 
The threshold ranges were selected in accordance with commonly used practices in supply 
chain risk assessment and multi-criteria decision-making.

The calculation results for all test groups are summarized in the following table:

Table A1. Summary of threshold sensitivity analysis results.

Threshold 
Type Test Value Information 

Retention Rate
System 

Redundancy
Result Deviation 

Degree
Comprehensive 

Score

Evolution 
Trigger 

Threshold

0.5 96.20% 15.30% 0.932 72.4
0.55 94.70% 10.10% 0.987 85.6
0.60

(this paper) 93.80% 7.80% 1 94.2

0.65 89.50% 4.20% 0.981 87.1
0.7 82.10% 2.10% 0.928 76.3

Grey Relational 
Screening 
Threshold

0.7 97.10% 23.10% 0.915 74.8
0.75 95.30% 14.30% 0.976 86.2
0.80

(this paper) 93.50% 7.10% 1 93.7

0.85 88.20% 0% 0.972 85.9
0.9 79.60% 0% 0.908 75.1

Cumulative 
Contribution 

Screening 
Threshold

90% 90.20% 15.40% 0.924 78.3
92% 92.10% 9.10% 0.983 87.5
94%

(this paper) 94.10% 4.80% 1 94.5

96% 95.70% 12.50% 0.979 86.9
98% 96.80% 21.10% 0.897 73.6

The three baseline values of 0.60, 0.80, and 94% each demonstrate a favorable overall 
balance. Values below these baselines improve the information retention rate but increase 
system redundancy, whereas values above them reduce redundancy at the expense of infor-
mation coverage. These findings suggest that the three baseline values lie within relatively 
stable compromise ranges; however, they do not, in themselves, constitute independent 
evidence of external validity.

Therefore, further external validation was conducted using out-of-sample data and 
a real-world disruption event. The out-of-sample test used data from Q1 to Q4 2025 as 
the test set, with actual risk levels serving as the reference. In addition, the 2024 Red 
Sea shipping disruption was used as a real-world event validation scenario, with event 
occurrence, objective operational changes before and after the event, and identification of 
key risk factors serving as independent reference criteria. The results are presented in the 
following table:

Table A2. Comprehensive consideration of evolutionary trigger threshold.

Threshold Internal Sensitivity Results Retrospective Performance in the Red Sea Disruption Event

0.55 High information retention rate, 
but increased redundancy Easy to generate excessive response

0.60 Good overall balance Ability to identify structural risks in advance
0.65 Redundancy reduction Risk triggering delayed
0.70 Decreased information retention rate Possible missed triggering
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Table A3. Comprehensive consideration of GRA threshold.

Threshold Indicator Screening Features Retrospective Performance in the Red Sea Disruption Event

0.70 Retain more indicators High redundancy
0.75 Moderate number of indicators better
0.80 Retain core risk indicators Good event recognition
0.85 Further reduction in indicators Partial risk information loss
0.90 Screening too strict Core information may be missing

The validation process does not use the composite score jointly calculated from the 
three thresholds proposed in this study as the “ground truth,” thereby reducing circular 
dependence between threshold selection and validation metrics. Based on the combined 
results of the sensitivity analysis and external validation, the final thresholds were set to 
0.60 for the evolution trigger, 0.80 for grey relational screening, and 94% for the cumula-
tive contribution rate. These thresholds were selected according to three main principles: 
0.60 balances false and missed triggers; 0.80 balances candidate indicator coverage and 
redundancy control; and 94% balances information coverage and the number of indicators. 
External validation further indicates that this threshold combination can effectively identify 
changes in actual supply chain risks, supporting its practical applicability.

To examine the influence of expert sample composition on indicator-weight calculations, 
the results obtained using all five experts with equal weights were taken as the baseline. 
Scenarios involving three, four, and five experts were then constructed. For the three-expert 
scenario, all 10 possible expert combinations were enumerated; for the four-expert scenario, 
all five possible combinations were examined; and for the five-expert scenario, the complete 
expert panel was used. Expert ratings within each subset were aggregated with equal 
weights, and indicator weights were recalculated using the same DEMATEL procedure.

Sensitivity was assessed using four metrics. First, Kendall’s W was calculated for each 
expert subset to evaluate the level of agreement among experts under different sample sizes. 
Second, the Pearson correlation coefficient between each subset’s weight vector and the 
baseline weight vector derived from all five experts was calculated. Third, the overlap ratio 
of the five highest-weighted indicators was measured. Fourth, the mean absolute change in 
indicator weights relative to the baseline was calculated. The results are presented in the 
following table:

Table A4. Exploratory sensitivity analysis across different expert sample sizes.

Number of 
Experts

Number of 
Expert Groups

Kendall’s W 
Mean Pearson Mean

Average Overlap 
Rate of the Top 5 

Indicators

Average 
Absolute Weight 

Change

3 10 0.742 0.927 84.0% 0.011
4 5 0.803 0.971 92.0% 0.005
5 1 0.856 1.000 100.0% 0.000

Table A4 compares indicator evaluation and weight calculation results obtained using 
different numbers of experts and different expert subsets selected from the five experts 
currently involved in the study. This analysis examines whether variations in the number of 
experts lead to substantial differences in the results within the scope of the current expert 
sample. Because the subsets share some experts, the results do not constitute mutually 
independent repeated trials. Furthermore, the results obtained from three- or four-expert 
subsets cannot be considered representative of resampling from a broader expert population. 
Therefore, even if certain indicators maintain similar rankings across different expert combi-
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nations, this can only suggest a degree of consistency within the current expert sample and 
does not establish that their weights have been sufficiently validated. For indicators exhibit-
ing substantial variation across expert combinations, the potential sensitivity of their results 
to expert judgments is acknowledged in the discussion. Future research should further 
investigate the influence of expert judgments on the indicator system and weighting results 
by expanding the expert sample, increasing the diversity of industrial and professional 
backgrounds, and incorporating independent enterprise data for additional validation.

Appendix B 
The quarterly raw indicator data for 2022–2024 obtained through aggregation and 

processing are presented in the following table:

Table A5. Complete raw quarterly data from 2022 to 2024.

Indicator 2022
Q1

2022
Q2

2022
Q3

2022
Q4

2023
Q1

2023
Q2

2023
Q3

2023
Q4

2024
Q1

2024
Q2

2024
Q3

2024
Q4

X0 0.365 0.387 0.431 0.458 0.469 0.494 0.500 0.517 0.564 0.595 0.647 0.682
C1 0.663 0.619 0.588 0.603 0.479 0.438 0.416 0.382 0.401 0.302 0.254 0.215
C2 0.712 0.720 0.741 0.753 0.758 0.772 0.775 0.785 0.805 0.815 0.838 0.851
C3 0.411 0.475 0.509 0.528 0.572 0.607 0.654 0.692 0.707 0.730 0.742 0.763
C4 0.809 0.801 0.782 0.771 0.701 0.742 0.671 0.634 0.593 0.561 0.517 0.482
C5 0.481 0.523 0.465 0.427 0.472 0.405 0.458 0.419 0.503 0.601 0.527 0.586
C6 0.662 0.647 0.681 0.675 0.651 0.673 0.642 0.659 0.667 0.634 0.656 0.645

The attributes, corresponding raw data, calculation formulas and other relevant details 
of the 13 original indicators and six candidate indicators mentioned in this paper are 
presented in the following table:

Table A6. Quantitative mapping of indicators.

Indicator Name Corresponding Raw Data Field (s) Calculation Logic

On time delivery rate Delivery status, scheduled delivery 
date, actual delivery date

Number of on-time delivered 
orders/Total number of orders in the 
quarter

Inventory turnover days Average inventory level, quarterly 
COGS

Average inventory value/Quarterly cost 
of goods sold × 90 days

Capacity flexibility Max production capacity, average 
utilization rate

(Maximum capacity—Average utilized 
capacity)/Maximum capacity

Concentration of key nodes Supplier id, port of loading Herfindahl–Hirschman Index (HHI) of 
supplier and port distribution

Node substitutability Alternative supplier count, alternative 
route count

Number of available alternative 
suppliers/routes for core nodes

Infrastructure guarantee capability Port throughput capacity, 
infrastructure reliability score

Average reliability score of core 
logistics infrastructure

Natural disasters impact Disruption cause, disruption duration Proportion of orders affected by natural 
disasters × Average disruption duration

Policy stability Policy risk score Average policy stability score of trade 
route covering countries

Fluctuations in raw material prices Raw material price, price volatility Standard deviation of raw material 
price/Average price in the quarter

Information synergy Information sharing frequency, forecast 
accuracy

Average information sharing frequency 
× Demand forecast accuracy
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Table A6. Cont.

Indicator Name Corresponding Raw Data Field (s) Calculation Logic

Node interruption recovery time Disruption start date, disruption end 
date

Average recovery time of all node 
disruption events in the quarter

Proportion of R&D funds R&D expenditure, total revenue R&D expenditure/Total operating 
revenue

Alternative plan generation time Disruption response time, contingency 
plan activation

Average time from disruption 
occurrence to contingency plan 
activation

Geopolitical risk Route geopolitical risk index
Weighted average of geopolitical risk 
index of countries along the trade 
route, weighted by voyage proportion

Extreme climate response rate Extreme weather disruption duration, 
total operating days

1-(Total extreme weather disruption 
days/Total operating days)

Diversified cross-border logistics Transport mode distribution, route 
count

Weighted sum of the ratio of the mode 
of transport between each section of the 
route to the total mode of transport

Supply chain warning response time Warning issuance time, response 
measure launch time

Average time from risk warning 
issuance to response measure 
implementation

Trade compliance risk level Tariff fluctuation, compliance violation 
count

Weighted score of tariff fluctuation and 
compliance violation frequency

Concentration of supplier regions Supplier country, procurement amount HHI of supplier country distribution, 
weighted by procurement amount

Appendix C 
The correlation analysis between the reference sequence X of the chemical supply chain 

based on grey correlation degree and the candidate indicators is shown in the table below:

Table A7. Grey correlation analysis of candidate indicators and raw data.

Indicator 2021Q1 2021Q2 2021Q3 2021Q4 2022Q1 2022Q2 2022Q3 2022Q4 2023Q1 2023Q2 2023Q3 2023Q4

X0 0.312 0.345 0.368 0.391 0.405 0.423 0.437 0.452 0.469 0.494 0.500 0.517
C1 0.521 0.446 0.473 0.477 0.612 0.635 0.657 0.681 0.598 0.742 0.771 0.534
C2 0.412 0.435 0.458 0.481 0.504 0.527 0.551 0.574 0.651 0.673 0.642 0.659
C3 0.615 0.787 0.7753 0.793 0.889 0.854 0.828 0.803 0.902 0.942 0.954 0.923
C4 0.753 0.757 0.684 0.632 0.629 0.653 0.576 0.521 0.472 0.445 0.428 0.419
C5 0.725 0.673 0.544 0.552 0.481 0.493 0.527 0.485 0.441 0.413 0.356 0.374
C6 0.692 0.665 0.641 0.717 0.793 0.768 0.745 0.721 0.714 0.872 0.835 0.785

The calculation results of the utility value, coefficient of variation, and comprehensive 
contribution rate of each indicator using the entropy weight coefficient of variation method 
are shown in the following table:

Table A8. Comprehensive contribution rate of indicators and screening results.

Rank Indicators Utility Value 𝝎1i
Coefficient of 
Variation 𝝎2i

Contribution 
Rate 𝜸i

Cumulative 
Contribution Rate

Filter 
Results

1 B8 0.132 0.102 0.117 0.117 retain
2 C2 0.121 0.097 0.109 0.226 retain
3 B1 0.109 0.088 0.098 0.325 retain
4 C3 0.104 0.084 0.094 0.419 retain
5 B5 0.087 0.082 0.085 0.505 retain
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Table A8. Cont.

Rank Indicators Utility Value 𝝎1i
Coefficient of 
Variation 𝝎2i

Contribution 
Rate 𝜸i

Cumulative 
Contribution Rate

Filter 
Results

6 C5 0.075 0.075 0.075 0.581 retain
7 B2 0.072 0.071 0.072 0.653 retain
8 B9 0.061 0.077 0.069 0.722 retain
9 B3 0.043 0.052 0.047 0.770 retain

10 B12 0.051 0.057 0.054 0.824 retain
11 B4 0.035 0.048 0.041 0.866 retain
12 B6 0.039 0.038 0.038 0.904 retain
13 B7 0.034 0.045 0.039 0.944 retain
14 B10 0.021 0.037 0.028 0.972 remove
15 B11 0.012 0.029 0.018 0.991 remove
16 C4 0.004 0.018 0.008 1.000 remove

Based on the DEMATEL algorithm, 12 indicators of the initial chemical supply chain 
were scored and the comprehensive impact matrix was calculated. The expert scoring is 
shown in the following table:

Table A9. Initial indicator DEMATEL expert scores.

Indicators B1 B2 B3 B4 B5 B6 B7 B8 B9 B10 B11 B12

B1 7 2 6 0 3 0 0 2 3 4 3 1
B2 5 6 4 1 2 2 3 2 3 1 3 0
B3 4 4 8 3 0 0 0 0 3 4 1 2
B4 5 4 5 6 2 2 2 2 4 2 4 1
B5 5 4 4 0 8 3 1 7 1 1 3 0
B6 4 4 0 2 3 7 3 5 0 2 4 2
B7 3 5 2 1 0 3 7 4 2 3 3 1
B8 6 6 3 1 2 1 2 9 4 2 2 0
B9 2 3 5 2 1 3 2 0 9 1 1 1
B10 5 3 3 2 1 0 1 0 4 8 4 1
B11 6 2 3 0 0 1 1 0 0 5 6 0
B12 4 1 2 1 2 1 2 0 1 3 7 7

The calculation results of the DEMATEL algorithm for the initial indicators are shown 
in the following table:

Table A10. Initial indicator DEMATEL calculation results.

Indicator Row Influence x̃i Column Influence ỹj External Relevance Rai Importance Qi

B1 0.458 1.000 −0.685 1.259
B2 0.573 0.677 −0.542 1.458
B3 0.344 0.840 −0.104 1.250
B4 1.000 0.096 −0.496 1.184
B5 0.976 0.192 0.904 1.096
B6 0.914 0.122 0.784 1.167
B7 0.728 0.153 0.791 1.036
B8 0.997 0.288 0.575 0.881
B9 0.450 0.526 0.709 1.285

B10 0.497 0.574 −0.076 0.977
B11 0.000 0.578 −0.077 1.071
B12 0.410 0.000 −0.578 0.578
B13 0.458 1.000 −0.685 1.259
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