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Abstract


The jacking renovation construction of aging bridges faces significant safety risks due to the complexity and uncertainty of their structures. Addressing the limitations of traditional risk assessment methods in handling dynamic changes and data scarcity, this study proposes a safety risk assessment approach based on dynamic Bayesian networks (DBN) and fuzzy set theory (FST). By using DBN to model the temporal evolution of risks, combined with the Leaky Noisy-OR Gate extension model and FST to quantify expert knowledge, this method overcomes the constraints of insufficient data. Taking an elevated bridge jacking renovation project in Qingdao, China, as a case study, a risk indicator system was established, incorporating factors such as personnel, equipment, and the environment. The results show that risks are higher in the early stages of construction and stabilize later on, with poor foundation conditions, instability of the substructure, and improper operations identified as key risk sources requiring focused control. Through forward reasoning, the study predicts risk trends, while backward reasoning identifies sensitive factors, providing a scientific basis for construction safety management.
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1. Introduction


Since the end of World War II, major countries worldwide have continuously increased investments in infrastructure, resulting in a sharp rise in bridge construction. However, over time, these bridges have progressively entered an aging phase. According to a 2023 report by the American Road and Transportation Builders Association (ARTBA), approximately 220,000 bridges exist in the United States, of which about 6.9% (around 42,400) are classified as structurally deficient [1]. Globally, the maintenance and retrofitting of aging bridges have emerged as a critical challenge. Statistical data indicate that China has over 1 million bridges, with 40% having been in service for over 20 years, 30% categorized as technically deficient (Grades III and IV), and 15% (approximately 100,000) identified as hazardous. Consequently, the maintenance and retrofitting of aging bridges urgently require efficient and cost-effective solutions. Bridge jacking renovation technology, an innovative construction approach, has become a vital method to address this global challenge due to its advantages in minimizing traffic disruption, reducing costs, and preserving historical value.



Bridge jacking renovation construction is a technique that employs hydraulic equipment to lift a bridge wholly or partially, enabling the replacement or reinforcement of foundations, bearings, or other critical components. This method facilitates maintenance and retrofitting without demolishing the main bridge structure, thereby substantially reducing traffic impact. Furthermore, compared to traditional demolition and reconstruction methods, jacking renovation markedly reduces project costs. A case in point is the retrofitting of Shizilin Bridge in Tianjin, China, where the jacking approach was employed, incurring a total cost of 15.323 million RMB—considerably less than the estimated 41.965 million RMB for conventional retrofitting methods.



However, while bridge jacking renovation technology offers significant advantages, it also introduces additional risks that warrant special attention. First, during the jacking process, the constraints between the superstructure and substructure are released, rendering the superstructure in an unstable suspended state, prone to deformation or overturning. To prevent instability, the temporary support system must exhibit sufficient stability and load-bearing capacity. Second, the jacking process relies on hydraulic equipment to support the entire weight of the superstructure, necessitating precise control of lifting height and speed at each point to avoid stress concentration, which could cause structural cracking or permanent deformation under heavy loads. Third, bridges undergoing retrofitting are typically older structures with prolonged service lives, where material fatigue, corrosion, or other latent damage may exist. Unidentified defects could be exacerbated during jacking, resulting in irreversible structural harm. Fourth, as critical components of transportation networks, bridge retrofitting projects often entail traffic disruptions, impacting social operations, economic activities, and emergency response efficiency. Consequently, stringent project timelines impose additional challenges to construction safety. With the increasing application of jacking technology, the structural complexity and scale of retrofitted bridges continue to grow, underscoring the critical need for risk prediction and mitigation during construction.



Extensive research has been conducted by numerous scholars on risk analysis for traditional bridge construction. Henley and Kumamoto [2] introduced the Fault Tree Analysis (FTA) method, establishing a foundational theoretical framework for quantifying bridge construction risks, with their probabilistic risk assessment model remaining a cornerstone in engineering risk management. Saaty [3] developed the Analytic Hierarchy Process (AHP) to enable multi-criteria risk prioritization, which Fang et al. [4] applied to the cable force adjustment process in cable-stayed bridges, confirming its effectiveness in identifying systemic risks arising from construction process deviations. To address uncertainty in risk assessment, Zadeh’s fuzzy set theory [5] was extended by Lee [6] and Chen [7] to caisson construction. For dynamic risk evolution, Pearl’s [8] Bayesian network (BN) was integrated with Monte Carlo simulation by Zhang et al. [9], resulting in a real-time risk warning system for bridge incremental launching construction.



Building on traditional risk analysis tools, machine learning algorithms have markedly enhanced the intelligence of risk prediction. Breiman’s [10] random forest algorithm optimized evaluation metrics through feature importance analysis. Soleimani [11] employed statistical methods such as covariance analysis to evaluate the impact of common bridge parameters, including abutment types, on critical engineering demand parameters like beam displacement. Furthermore, Soleimani innovatively introduced a random forest ensemble learning algorithm to quantify the importance ranking of modeling parameters in predicting seismic demands. In the field of deep learning architectures, the pioneering work of LeCun [12] in convolutional neural networks (CNN) has provided significant inspiration for engineering applications. Zhao et al. [13] utilized CNN to develop a real-time early safety warning system for personnel intrusion behavior on construction sites, demonstrating the application of CNN in construction safety management. Sun et al. [14] developed a Hierarchical Convolutional Neural Network (HCNN) model, utilizing comprehensive load as a predictor for support displacement forecasting. Experimental results demonstrate that this method achieves a prediction accuracy exceeding 95.6%, surpassing traditional CNN, encoder–decoder, and U-Net models in both accuracy and computational efficiency. For time-series risk prediction, the LSTM network designed by Hochreiter and Schmidhuber [15] was employed by Guo et al. [16] to predict deformation safety risks in super-large and ultra-deep foundation pits, illustrating the effectiveness of deep learning in construction risk prediction. Xin et al. [17] proposed a bridge monitoring data repair method based on the synergistic integration of Time-Varying Filter Empirical Mode Decomposition (TVFEMD), Encoder–Decoder (ED), and Long Short-Term Memory (LSTM) neural networks. This hybrid approach transforms data repair problems into a series of predictive tasks, achieving an overall performance improvement of 33.90% compared to the baseline LSTM, demonstrating significant potential for practical engineering applications. Yue et al. [18] developed a digital regression model for the deflection of cable-stayed bridge girders under temperature field effects, utilizing an LSTM network. This model, driven by both mechanical principles and deep learning, achieves an average error of only 1.4% and a maximum error not exceeding 6%. Its output accuracy and stability significantly outperform traditional linear regression models, providing a more precise analytical tool for monitoring bridge temperature-induced deformations. Liao et al. [19] enhanced LSTM for learning dynamic response characteristics from limited training data and predicting bridge responses under unknown seismic actions. The study specifically designed an attention mechanism to improve the selection of information-rich components in time-series data, thereby enhancing learning efficiency with small-sample datasets.



With the deepening application of Building Information Modeling (BIM) technology, several scholars have explored the digital transformation of risk assessment [20,21]. Eastman et al. [22] in BIM Handbook systematically outlined the integration pathway of three-dimensional models with safety analysis. Liu et al. [23] demonstrated that the combination of 4D-BIM and finite element analysis enhances the visualization accuracy of construction risks for long-span bridges by 34%. Zou et al. [24] established a BIM-based risk information management system framework and developed a supporting prototype tool. Simulation validation using a steel bridge project case study showed that traditional risk management techniques (e.g., RBS) can be deeply integrated with BIM, optimizing the entire process from risk identification and visualization to information management. This integration improved risk identification efficiency by approximately 40% and enabled the detection of potential risks on critical paths 15% earlier through 4D simulation. Civera et al. [25,26,27,28,29] addressed the mechanical performance uncertainties in aging masonry bridges, often caused by local irregularities and internal structural heterogeneity. They proposed the Fast Relaxed Vector Fitting approach, which enables rapid, efficient, and reliable identification of bridge damage based on vibration test results of masonry structures.



Overall, current research in bridge construction risk management spans multiple dimensions, including the development of early warning models, the exploration of innovative risk identification and assessment techniques, and risk analysis methods integrating cost and schedule considerations. These findings offer valuable guidance for practical applications. However, existing studies have yet to adequately address the uncertainty and dynamic evolution of risk factors. Traditional safety risk analysis techniques in construction, such as reliability measure theory [30,31], structural equation modeling [32,33], grey clustering [34,35], and natural language [36,37], exhibit limited effectiveness in handling uncertainty. Moreover, in real-world operations, risk factors often interact in complex ways, yet current methods fall short in analyzing the interdependencies among these factors [38].



Given the current incomplete understanding of risks associated with bridge jacking renovation construction, this study applies dynamic Bayesian network (DBN) theory to the dynamic risk analysis of bridge jacking construction.



In the risk assessment of bridge jacking construction, the integration of DBN with fuzzy set theory demonstrates distinct advantages over other risk assessment methods, such as LSTM networks and hybrid machine learning approaches, particularly in scenarios characterized by data scarcity and dynamic uncertainty. Bridge jacking construction involves multiple risk factors (e.g., ground conditions, operational behaviors, and unforeseen events), with limited data and risks evolving throughout the construction process. DBN models the dynamic propagation of risks through explicit causal structures and temporal dependencies, while fuzzy set theory quantifies expert knowledge into probability distributions, effectively addressing data deficiencies and enhancing the handling of uncertainty. Its graphical representation intuitively reveals risk pathways, facilitating the identification of critical factors and guiding construction management decisions. In contrast, LSTM and hybrid machine learning methods rely heavily on large training datasets, and their “black-box” nature limits causal interpretability. Credibility measure theory, while capable of addressing uncertainty, lacks robustness in modeling dynamic evolution. Structural Equation Modeling (SEM) excels in static causal analysis but struggles to capture temporal changes during construction. Grey clustering is suitable for small-sample classification but underperforms in modeling complex causal relationships and dynamic predictions. Furthermore, the computational efficiency of DBN combined with fuzzy set theory makes it well-suited for real-time risk assessment. Therefore, this study adopts DBN integrated with fuzzy set theory, providing a more interpretable, flexible, and practical modeling framework for the complex risk scenarios in bridge jacking construction.



Using a bridge jacking project in Qingdao, China, as a case study, the bidirectional inference capabilities of DBN, integrated with expert prior knowledge and fuzzy set theory, are employed to systematically analyze the temporal evolution and trends of safety risks. This approach identifies critical risk points during construction, enabling rapid diagnosis and prediction of potential accidents, thereby enhancing the precision and effectiveness of risk analysis while providing a scientific foundation for safety risk management in bridge jacking construction.




2. Risk Analysis Methods


2.1. Bayesian Network and Dynamic Bayesian Network


A Bayesian network (BN) is a probabilistic graphical model-based inference tool that employs a Directed Acyclic Graph (DAG) to represent causal dependencies among variables. Its mathematical foundation lies in decomposing high-dimensional joint probability distributions into a product of local conditional probability distributions:


  P (  X 1  ,  X 2  , … ,  X n  ) =  ∏  i = 1  n  P (  X i  | P a (  X i  ) )  



(1)







Pa(Xi) denotes the set of parent nodes of node Xi, with each node’s conditional probability distribution explicitly defined via a Conditional Probability Table (CPT). The CPT quantifies the influence of parent node states on child nodes in tabular form, converting high-dimensional probability computations into local operations, thereby substantially reducing computational complexity. BN excels in uncertainty modeling, causal interpretability, and computational efficiency. By integrating prior knowledge (e.g., expert experience) with observational data (e.g., sensor information) through the CPT, it enables probabilistic inference under incomplete data conditions. The DAG intuitively depicts causal relationships among variables, facilitating bidirectional inference (prediction and diagnosis). However, as the number of nodes in the network increases, the storage requirements of the CPT grow exponentially, necessitating parameter compression techniques such as Noisy-OR gates or decision trees. Moreover, BN cannot directly model temporal dynamics, requiring extension into a dynamic Bayesian network (DBN).



A dynamic Bayesian network (DBN) extends BN by incorporating a temporal dimension, with its core centered on constructing a state transition model across time slices. Assuming time slices t = 1, 2, …, T, the joint probability distribution of a DBN is expressed as


  P (  X 1  ,  X 2  , … ,  X n  ) =  ∏  i = 1  n  P (  X i  | P a (  X i  ) )  



(2)




where P(Xt∣Xt−1) represents the state transition probability, capturing the temporal evolution of variables. DBN typically employs a two-layer structure comprising intra-slice and inter-slice networks: the intra-slice network delineates static dependencies among variables within a single time slice (e.g., the relationship between load and stress on a bridge at a given moment), while the inter-slice network connects identical variables across adjacent time slices via directed edges, modeling temporal dynamics (e.g., changes in concrete strength over curing time). DBN effectively captures temporal dependencies in complex systems, utilizing the forward-backward algorithm with dynamic programming to eliminate redundant computations, reducing time complexity from O(T2) to O(T). These foundational equations and algorithms provide the theoretical basis for DBN, enabling efficient processing and inference of time-varying data.



Compared to conventional new bridge construction, risk analysis for bridge jacking renovation construction encounters numerous challenges, rendering traditional analytical tools less effective. First, bridge structural forms (e.g., suspension bridges, arch bridges, steel truss bridges) exhibit significant heterogeneity, and jacking renovation is typically applied to existing bridges, where construction conditions vary due to design specifics, service life, and environmental factors. This heterogeneity hampers traditional random statistical experiments in determining state transition probabilities through repeated trials. Second, the application of jacking techniques in bridge retrofitting remains limited, resulting in incomplete or absent data (e.g., displacement monitoring, stress variations, equipment failure records), compounded by difficulties in data sharing due to regulatory or other constraints. Nevertheless, DBN can learn latent patterns from limited samples without relying on extensive repeated experimental data. By modeling historical cases and expert experience, DBN uncovers deep correlations between bridge structural characteristics and risks, making it an ideal tool for risk analysis in bridge jacking renovation construction.




2.2. Leaky Noisy-OR Gate Extension Model and Fuzzy Set Theory


The Leaky Noisy-OR Gate is an extension of the classic Noisy-OR Gate model, designed to characterize the causal dependencies between multiple binary cause variables (X1, X2, …, Xn) and a single binary outcome variable (Y). The classic Noisy-OR model assumes that Y = 1 is triggered independently by known causes, with its probability expressed as


  P ( Y = 1 |  X 1  ,  X 2  , … ,  X n  ) = 1 −  ∏  i :  X i  = 1   ( 1 −  p i  )  



(3)







Here, pi denotes the probability that each cause variable triggers Y = 1. However, in real-world scenarios, the outcome may be influenced by unmodeled factors. To address this, the Leaky Noisy-OR model introduces a “leakage” probability p0, representing the background probability that Y = 1 even when all Xi = 0. The extended probability is expressed as


  P ( Y = 1 |  X 1  ,  X 2  , … ,  X n  ) = 1 − ( 1 −  p 0  ) ⋅  ∏  i :  X i  = 1   ( 1 −  p i  )  



(4)







In sparse data scenarios, DBN leverage generative learning addresses data deficiencies, yet it cannot directly account for the influence of unmodeled variables. The Leaky Noisy-OR Gate model, by introducing the leakage probability p0, equips DBN with the capability to model unknown factors. When integrated with the Leaky Noisy-OR Gate, DBN not only relies on training data but also generalizes to unseen scenarios via the leakage term. This capability is particularly critical in data-scarce applications such as bridge jacking renovation, effectively mitigating overfitting issues arising from insufficient data.



Unlike traditional set theory, which employs binary membership values (0 or 1), fuzzy set theory (FST) permits elements to partially belong to a set with continuous membership degrees within the interval [0, 1]. For instance, the variable “high risk” might have a membership degree of 0.7, indicating partial alignment with the “high risk” concept. DBN relies on historical data to estimate conditional probabilities; however, in data-sparse conditions (e.g., limited cases of jacking construction), these parameters are challenging to determine precisely. FST enables the definition of fuzzy rules based on expert knowledge (e.g., “if displacement is large and wind speed is high, then risk is high”), generating pseudo-data or prior distributions through fuzzy membership degrees and inference to address data gaps. These outputs can serve as initial parameters or training samples for DBN, thereby enhancing model robustness. FST quantifies fuzzy concepts using membership functions (e.g., triangular, trapezoidal) and employs fuzzy logic for reasoning. Commonly used membership functions include triangular, trapezoidal, bell-shaped, S-shaped, and Z-shaped functions, each suited to different scenarios based on their shapes and parameter properties. Among these, the Gaussian membership function is expressed as


  μ ( x ) =  e       ( x − c )  2    2  σ 2        



(5)







Here, c represents the center point of the Gaussian membership function, while σ governs the width of the curve. The Gaussian membership function exhibits smooth and symmetric curve properties, making it well suited for modeling fuzzy concepts characterized by natural distributions or continuous variations. Its advantage lies in achieving high computational accuracy with fewer parameters, yielding results that closely align with real-world conditions. For instance, in equipment performance assessment, the “normal operation” state can be modeled using a Gaussian function, with the center point c set to an optimal value (e.g., 50) and σ reflecting the range of performance fluctuations.





3. Safety Risk Analysis of Bridge Jacking Construction Based on DBN


For the jacking renovation construction of existing bridges, the DBN model serves as a tool for risk analysis, with the primary steps outlined in Figure 1.



3.1. Establishment of the Risk Indicator System


Currently, construction techniques for new bridges are relatively mature, with a clear understanding of potential risks and well-established countermeasures. However, bridge jacking renovation construction exhibits distinct risk characteristics compared to conventional bridge construction, rendering the direct application of traditional risk analysis findings inappropriate. Jacking renovation targets existing bridges, where structures may exhibit high initial state uncertainty due to aging or latent defects. Such construction typically occurs on active transportation routes, significantly influenced by surrounding traffic flow and environmental conditions, with limited time windows for execution. Furthermore, the jacking process involves lifting the bridge wholly or partially, necessitating precise control of synchronicity and stability, and imposing stringent demands on equipment performance and operational accuracy.



Bridge jacking renovation construction confronts multiple interrelated risks, with its complexity and uncertainty posing significant challenges to safety risk assessment. During the jacking process, operational errors, equipment failures, environmental changes, and ambiguous factors (e.g., sudden geological anomalies) may serve as primary triggers for accidents. These risks not only interact but may also be amplified by the unique conditions of existing bridges. To ensure construction safety, comprehensive risk management and rigorous control measures are imperative. This study adheres to principles of scientific rigor and rationality, referencing standards such as the AASHTO LRFD Bridge Construction Specifications [39], OSHA 29 CFR 1926 [40], Safety Inspection Standards for Construction Projects [41], and Technical Specifications for Bridge Jacking and Displacement Renovation [42]. By integrating expert opinions and on-site conditions, potential risk sources are systematically classified. Accident causation factors are summarized across five dimensions—personnel, equipment, management, environment, and unpredictable factors (Table 1)—and a comprehensive risk indicator system is developed based on accident causation theory (Table 2), providing a scientific foundation for risk prevention and control.



It is noteworthy that this study also employed the Leaky Noisy-OR model to account for potentially omitted risk factors. In the Leaky Noisy-OR model, the “leakage” parameter (p0) represents the background risk, indicating the probability of the target event (child node) occurring even when all known causes (parent nodes) are absent. This background probability reflects the influence of other latent factors not explicitly considered in the model. Typically, p0 is a small positive value, ensuring that the child node retains a minimal probability of occurrence even when all parent nodes are zero, thereby enhancing the model’s robustness.




3.2. DBN Network Model Construction


3.2.1. Network Structure Design


The modeling process for a DBN parallels that of a traditional BN, encompassing two core steps: network structure design and parameter assignment. The network structure design phase involves defining the causal dependencies among variables and their temporal evolution patterns, specifically by identifying key causal variables and establishing dynamic connections across time steps. The parameter assignment phase focuses on quantifying the conditional probability distributions of these dependencies, typically achieved through data-driven learning methods or expert judgment.



This study employs GeNIe Academic 4.1 software to construct a DBN model for assessing risks in bridge jacking renovation construction. GeNIe Academic is a specialized tool developed for the design, analysis, and inference of Bayesian networks and influence diagrams, offering efficient capabilities for network construction, data processing, probabilistic inference, and sensitivity analysis. It enables users to intuitively develop complex models and handle large-scale data, facilitating precise prediction and analysis.



Considering that risk factors exhibit complex interdependencies rather than complete independence, this study employs the DEMATEL (Decision Making Trial and Evaluation Laboratory) method to quantify the causal relationships among safety risk factors in bridge jacking construction identified in Table 2. The DEMATEL method is capable of dissecting dependencies and influence strengths among elements within complex systems. Through this approach, the study effectively identifies and elucidates the interactive effects among risk factors, enhancing the scientific rigor and transparency of decision-making while strengthening the systematic and proactive nature of risk management. The DBN structure designed based on DEMATEL analysis is presented in Figure 2.




3.2.2. Parameter Learning


Given the frequent difficulty in obtaining complete accident data for bridge jacking construction, this study employs an expert scoring method integrated with fuzzy theory to estimate the probabilities of risk indicators. This approach reduces reliance on historical data while incorporating expert experience to enhance analytical precision. The complexity and uncertainty of risk events, combined with data scarcity and the subjectivity of expert judgment, pose challenges to precise probability prediction. To address this, the study adopts a seven-level linguistic variable scale (e.g., “Very High unlikely”, “Moderately Low”) in place of specific probability values, quantified using a Gaussian membership function. Defined by mean (μ) and standard deviation (σ), the Gaussian membership function provides a smooth probability distribution, offering superior mathematical robustness and natural transition properties compared to triangular fuzzy numbers. The quantified values for each linguistic variable are presented in Table 3, with “High” defined as μ = 0.8, σ = 0.1, and “Moderately Low” as μ = 0.3, σ = 0.15. This method improves the transparency and scientific rigor of risk assessment, effectively meeting decision-making needs in data-scarce scenarios.



In the risk analysis of bridge jacking construction, this study engaged seven civil engineering experts to conduct a qualitative evaluation of risk indicators. To ensure the scientific rigor and rationality of the assessment, and accounting for variations in the experts’ professional backgrounds and experience, different weights were assigned to each expert’s scores based on factors such as academic qualifications, professional experience, and domain relevance, rather than assuming equal importance, as shown in Table 4. This approach more accurately reflects their contributions to risk judgment.


   w i  =      ∑  j = 1  m    a  ij   / m     ∑  i = 1  n     ∑  j = 1  m    a  ij   / m     



(6)







Here, aij denotes the score given by the i-th expert to the j-th indicator, m represents the total number of risk indicators, n signifies the number of experts, and wi indicates the normalized weight of the i-th expert.



The information for the seven experts involved in this project is presented in Table 5 below. The initial weights were calculated based on the mean scores of six evaluation indicators for each expert, using the equation


   s i  =      ∑  j = 1  m    a  ij    m    



(7)




where aij represents the score of the i-th expert on the j-th indicator, and (m = 6) denotes the number of indicators. To comprehensively reflect the relative competence of each expert across multiple dimensions, the initial weights were derived from the average indicator scores. This mean-based calculation balances the contribution of each indicator, preventing any single dimension from dominating and ensuring the comprehensiveness of the weights.



For example, the initial weight for Expert 1 (s1) is calculated as


s1 = (0.4 + 0.5 + 0.3 + 0.3 + 0.3 + 0.3)/6 = 0.350



(8)







The initial weights for the remaining experts si are listed in Table 5. The sum of the initial weights for all experts is


  S =   ∑  i = 1  n    s i  = 0.350 + 0.267 + 0.383 + 0.233 + 0.250 + 0.250 + 0.150 = 1.883  



(9)







Normalization transforms the initial weights into a probability distribution, ensuring that the sum of the relative importance of all experts equals 1. This standardization facilitates weighted calculations in subsequent fuzzy quantification and defuzzification processes, ensuring interpretability and mathematical consistency of the results. Additionally, normalization eliminates the impact of differences in scoring scales, making the weights applicable to expert groups of varying sizes. The normalization equation is


   w i  =     s i   S    



(10)




where wi is the normalized weight of the i-th expert, and n is the number of experts (here, n = 7). For Expert 1, the calculation is as follows:


   w i  = 0.35 / 1.883 ≈ 0.186  



(11)







The final weights are summarized in Table 5. The results indicate that Expert 3 has the highest weight (0.203), attributed to their outstanding performance in years of experience, number of projects, and influence. Conversely, Expert 7 has the lowest weight (0.080), reflecting their relatively limited experience and relevance. These calculated results quantify the influence and competence of different experts, providing data support for subsequent analyses.



Subsequently, this study employs a Gaussian membership function to perform fuzzy quantification and defuzzification of expert opinions, converting linguistic variables into single real-valued numbers. The defuzzification process involves weighted aggregation of expert scores, with the composite mean calculated as the final risk probability value.


   μ w  =  ∑  i = 1  n   w i  ⋅  μ i   



(12)






   σ w  =  ∑  i = 1  n   w i  ⋅  σ i   



(13)







Here, μi and σi denote the fuzzy parameters of the i-th expert’s score, and μw represents the final defuzzied value, corresponding to the risk probability.



This approach effectively integrates multi-source expert knowledge, making it suitable for risk assessment in data-scarce scenarios and providing reliable input data for subsequent parameter learning in a DBN. Building on the initial data derived from the expert scoring method, this study further determines the Conditional Probability Tables (CPTs) for other nodes in the DBN model. The CPT serves as a critical component in the DBN, representing conditional dependencies among nodes and detailing how each node is influenced by the states of the others. Given the complexity and uncertainty inherent in real-world construction scenarios, this study additionally incorporates the Leaky Noisy-OR Gate extension model to refine and optimize the computation of the CPTs.






4. Application of the DBN Model in Bridge Jacking Construction


4.1. Project Overview


A viaduct bridge retrofitting project in Qingdao City involves the jacking and retrofitting of two bridges. The main bridge has a width of 25 m and a total length of 849 m. Bridge No. 46 has a span of 59 m (32 + 27 m) and weighs approximately 3421.6 tons, while Bridge No. 47 has a span of 100 m (27 + 41 + 32 m) and weighs approximately 5868.6 tons. The superstructure consists of prestressed concrete continuous box girders, while the substructure includes octagonal piers and spread foundations, with the bearing stratum being slightly weathered granite. Since the bridges opened to traffic in 2006, an inspection in 2019 revealed local cracks in Bridge No. 46 (maximum width of 0.1 mm, length of 65 cm), necessitating jacking retrofitting and reinforcement to enhance load-bearing capacity. This jacking operation adjusts the longitudinal slope of the bridges from a downhill gradient (−1.7% and −3%) to an uphill gradient (2.76%), with jacking heights ranging from 65.5 cm to 579.8 cm, as shown in Figure 3.



This project faces multiple challenges, including large-stroke jacking (requiring numerous jacks for precise synchronization), stringent stability demands on the support system, structural stress changes due to longitudinal slope adjustment, the risk of exacerbating existing cracks, and constraints on construction schedule and site availability in a densely trafficked urban area, as shown in Figure 4 and Figure 5. These challenges increase the complexity of equipment control and elevate the risk of potential instability. Consequently, risk analysis is required to systematically identify uncertainty factors (e.g., synchronization errors, support failures), ensuring that construction is completed efficiently and with minimal environmental impact.




4.2. Establishment and Parameter Determination of the DBN Model


During the construction of the DBN model, this study engaged seven experts with extensive experience in bridge construction-related fields. Based on a thorough review of project engineering documentation, these experts conducted qualitative assessments of the initial probabilities, conditional probabilities, and transition probabilities of nodes within the DBN network. The invited experts span domains including bridge design, construction technology, and project management, all holding titles of associate senior level or above and possessing substantial industry experience, thereby ensuring the comprehensiveness, professionalism, and authority of the evaluation. To address uncertainties arising from data scarcity and subjective judgment, this study employs a Gaussian membership function for fuzzy quantification and defuzzification of expert scores, with results presented in Table 6 and Table 7.



In the aforementioned calculations, the leakage parameter (p0) of the Leaky Noisy-OR model was incorporated to account for the background risk of the target event (e.g., accident occurrence A) occurring at a certain probability due to unmodeled external or unknown factors, even when all explicitly modeled parent nodes (e.g., poor foundation D, improper operation E, unpredictable factors F, etc.) are absent. During the DBN modeling process for risk analysis of bridge jacking construction, the initial probability of the F node (unpredictable factors) was set at 0.25, reflecting the experts’ overall estimation of potential unmodeled risks. However, as a leakage parameter in the CPT of the A node, p0 required independent determination to ensure the scientific rigor and interpretability of the model.



In the CPT of the result node A, p0 is defined as follows: when all parent nodes (D, E, H, M, F) are in the state of 0, (P(A = 1) = p0). Its value is typically small (e.g., 0.01–0.05) to avoid overshadowing the contributions of explicit nodes. Due to the scarcity of bridge jacking construction accident data, the accident probability when all parent nodes are absent cannot be directly derived statistically. Consequently, this study relied on expert experience, and the determination of p0 was also based on expert evaluations and defuzzification processes. Seven invited experts, based on the construction scenario and a seven-level linguistic variable evaluation, quantified their scores using a Gaussian membership function. A weighted average initially yielded an initial probability of 0.25 for the F node. However, to ensure the applicability of p0, it was further adjusted to a lower value to prevent masking the contributions of explicit parent nodes. Ultimately, the model was fitted using GeNIe software, with p0 initially set at 0.01. Through forward inference, the accident probability was validated against actual cases, and p0 was adjusted to 0.02 to balance the authenticity of background risk with the model’s interpretability. Additionally, incorporating domain knowledge, the probability of unmodeled factors in bridge jacking construction is generally low, supporting the conservative estimation of p0. This hybrid approach ensured that p0 not only reflected the background risk characteristics of the F node but also avoided overamplifying the influence of explicit risk factors, thereby providing reliable parameter support for the DBN model.




4.3. Risk Analysis


Using the DBN model for risk analysis in bridge jacking construction, forward inference leverages real-time inputs of risk factors (e.g., equipment status, environmental conditions) to predict the dynamic evolution trends of risk events through probabilistic reasoning, providing proactive warnings and intervention guidance for construction decisions. Conversely, backward inference starts from observed risk outcomes, tracing back critical causal chains (e.g., management deficiencies or operational errors) and quantifying the contribution of each factor to the risk, thereby facilitating precise identification of vulnerabilities and optimization of control strategies. This bidirectional synergy establishes a closed-loop system of “risk prediction-causal tracing”, enabling not only the preemptive mitigation of potential threats but also a deeper understanding of complex risk coupling mechanisms, thus enhancing the systematicity and adaptability of risk management.



During the forward inference process, to more accurately simulate and predict safety risks in bridge jacking renovation construction, the model’s time slice count is set to 10, enabling finer tracking and updating of risk probability changes across the time series. The dynamic probability variation curve of safety risk occurrence in bridge jacking renovation construction, derived from forward inference analysis, is presented in Figure 6. The DBN forward inference results indicate that the overall risk (node A) of bridge jacking construction decreases from a probability of 0.45 to 0.39 (a reduction of 13.3%) over t = 0 to t = 10, exhibiting a trend of rapid decline in the early phase (t = 0 to t = 2, from 0.45 to 0.41) followed by stabilization (t = 7 to t = 10, steady at 0.39). The elevated risk in the initial phase primarily stems from high probabilities associated with E2 (poor foundation), D3 (substructure instability), and H1 (improper operation). However, as construction progresses, the likelihood of these factors triggering safety incidents diminishes. The overall trend suggests that risks become manageable in the later stages of construction, though targeted reinforcement of the foundation, structural repairs, and enhanced operational training remain essential to effectively address sensitive factors.



Backward inference, by observing risk outcomes (e.g., safety incidents), traces potential causes and quantifies their contributions, integrating the temporal dimension to dissect critical causal chains within the risk evolution pathway. This approach enables precise identification of root causes, offering data-driven decision support for optimizing risk management strategies (e.g., enhancing training or resource allocation), thereby improving the systematicity and scientific rigor of risk response. In this study, it is first assumed that a risk event in bridge jacking construction has occurred, followed by the use of the DBN model’s structure to infer potential causes of these outcomes based on observed results. After determining the posterior probabilities of each node in the DBN through backward inference, the Relative Operating Value (ROV) is employed to quantify the degree of change in each factor relative to its baseline or expected level:


   V  R O   (  C i  ) =    π (  C i  ) − θ (  C i  )   θ (  C i  )     



(14)







Here, VRD(Ci) denotes the ROV value of node Ci, π(Ci) represents the posterior probability of node Ci, and θ(Ci) represents the prior probability of node Ci. The value of the ROV value reflects the sensitivity of a node; a higher ROV value indicates greater sensitivity, meaning that small changes in conditions can lead to significant changes in the node, marking it as a risk source requiring priority attention. In scenarios with limited resources, management resources should be preferentially allocated, preventive measures formulated, or interventions implemented for factors with the greatest impact or highest sensitivity to the target event (e.g., accident occurrence), thereby maximizing risk reduction effectiveness.



The ROV values of various risk factors in bridge jacking construction, as derived from the DBN, are presented in Table 8. Results from backward inference indicate that the most critical sensitive factors are poor foundation (E2), safety technical briefing and training (M3), instability of the substructure (D3), and improper operation (H1), while F (unpredictable incidents, ROV = 0.120) exhibits lower sensitivity. Taking E2 as an example, an ROV of 0.306 indicates a 30.6% increase in its probability following an accident, highlighting the significant driving effect of foundation issues on accident occurrence. In risk management, allocating resources to address E2 (e.g., through geological surveys and reinforcement) can substantially reduce overall risk (reducing A from 0.45 to 0.39, with E2 decreasing by 47% in forward analysis). Compared to other factors (e.g., F, ROV = 0.120), E2’s ROV is approximately 2.5 times higher, implying that the efficiency of resource allocation for E2 mitigation (i.e., the reduction in A’s probability per unit of resource) is about 2–3 times greater than that for F. This is because foundation issues directly impact structural stability, and their mitigation can prevent cascading effects.



During jacking construction, bridge loads are transmitted to the foundation through jacks and temporary supports. If the foundation soil contains weak underlying layers or exhibits collapsibility (e.g., expansion/contraction due to moisture changes), it is prone to causing support settlement or tilting. Particularly under rainfall or groundwater fluctuations, the bearing capacity of the foundation may drop sharply, potentially triggering cascading instability, making poor foundation a primary risk source.



The bridge substructure (e.g., piers, foundations) must bear the redistributed dynamic loads upon completion of jacking. If it exhibits cracks, material aging, or initial design flaws, the load-lowering process during jacking may induce stress concentration, exacerbating structural deformation or local failure, resulting in irreversible damage. Thus, substructure instability constitutes another primary risk source.



Jacking operations rely on high-precision coordinated actions (e.g., synchronous jacking with multiple jacks, millimeter-level displacement control). Deviations from standard procedures by operators (e.g., errors in jacking speed adjustment or alignment correction) may cause load imbalances or equipment overload, leading to abrupt structural stress changes. Furthermore, inadequate understanding of the complexity of jacking techniques (e.g., temporary support placement, emergency plan execution) among workers can result in misjudgments or delayed responses, making safety technical briefings and operational training potential risk points.



These four highly sensitive risk factors require targeted control measures during actual construction to minimize the probability of risk occurrence effectively. Specific preventive measures include the following: (1) Pre-construction detailed surveys using ground-penetrating radar and static load tests to identify foundation hazard zones, followed by targeted reinforcement (e.g., grouting, pile strengthening); during construction, real-time monitoring of foundation settlement and soil pressure changes with sensors, establishing early warning thresholds to ensure safe load transfer. (2) Incorporating a trial jacking phase before formal jacking to verify the normal operation of jacks and control systems, while increasing the number of temporary supports as a safety redundancy to prevent overload or failure of individual supports during jacking. (3) Strict adherence to relevant regulations and industry standards, ensuring adequate safety investments, enhancing supervisory staffing, and strengthening communication mechanisms to guarantee information flow and rapid issue resolution; conducting regular safety training and on-site audits to mitigate potential risks. (4) Intensifying monitoring of existing bridge piers to assess material degradation, reinforcement layout, and concrete damage relative to design values, refining computational models based on measured data; improving the quality of rebar planting and newly poured concrete, with attention to the interface between new and old concrete, ensuring cohesive performance between extended and original pier sections.




4.4. Discussion on DBN Model


The current DBN model was designed for a specific bridge jacking construction project, incorporating specific risk indicators, dependency relationships, and parameters (e.g., initial probabilities and transition probabilities). To achieve generalizability across different bridge types (e.g., beam bridges, arch bridges), locations (e.g., urban, mountainous), or project conditions (e.g., scale, duration), modifications are required in three aspects: structure, parameters, and data acquisition.



Regarding the DBN structure, the current model includes 13 root nodes and fixed dependency relationships, which are effective for analyzing the specific project but lack adaptability to other scenarios. For instance, bridges in mountainous areas may require greater emphasis on geological hazard risks, while urban bridges may be more affected by traffic disturbances. To enhance generalizability, the risk indicator system must be expanded to include universal factors such as earthquakes, flood impacts, and traffic vibrations. A modular structure should be designed, allowing users to add or remove nodes based on project characteristics (e.g., adding a “salt spray corrosion” node for coastal bridges). Dependency relationships should support dynamic adjustments, redefining causal links through methods like DEMATEL or expert consultation. For example, beam bridges may prioritize the influence of temporary supports (D2), while suspension bridges may focus on cable failures. Additionally, the fixed setting of 10 time slices should be modified to allow variable time steps, supporting 5 time slices for small-scale projects or 20 for large-scale projects to accommodate the dynamic evolution needs of different construction durations.



In terms of parameter settings, the model’s initial probabilities, transition probabilities, and expert weights are based on data specific to the project, making them unsuitable for direct application to other scenarios. For example, the foundation risk for urban bridges may be lower than for mountainous bridges. To improve generalizability, a probability database for bridge jacking risks should be established, categorically storing probability values for different bridge types, locations, and conditions. Transition probabilities should similarly be supported by such a database; for instance, the persistence probability of poor foundation in mountainous areas may be higher than in urban settings. Machine learning algorithms (e.g., Bayesian parameter estimation) should be introduced to dynamically optimize parameters using project data (e.g., geological reports, construction records). Additionally, a user-friendly parameter input interface should be designed, allowing adjustments to probabilities based on specific conditions (e.g., geological stability, construction scale). Expert weights should adopt standardized scoring rules (e.g., formulas based on project experience and domain relevance) to ensure consistency and comparability across different projects.



Regarding data, the current model relies on specific expert ratings and Gaussian membership functions, resulting in a singular data acquisition approach that struggles to adapt to varying expert resources and data conditions across projects. To achieve generalizability, a multi-source data fusion strategy should be adopted, integrating historical accident databases, real-time sensor data (e.g., foundation settlement, stress monitoring), and construction logs to reduce reliance on subjective expert input and ensure the model is grounded in objective evidence. The fuzzy quantification method should offer diverse options, supporting triangular fuzzy numbers, trapezoidal fuzzy numbers, and others, to accommodate the uncertainty representation needs of different projects.





5. Conclusions


This study addresses the challenges of dynamic risk evolution and data scarcity in bridge jacking construction by proposing an integrated risk assessment framework based on dynamic Bayesian networks (DBN) and fuzzy set theory. By combining theoretical modeling with empirical engineering validation, it elucidates the temporal dependencies of risk factors and their critical causal chains, providing a scientific theoretical foundation for construction safety management. The specific conclusions are as follows:



	(1)

	
A dynamic risk assessment model was developed by integrating the temporal inference capabilities of DBN with the uncertainty handling mechanisms of fuzzy set theory. The DEMATEL method was employed to quantify interactions among risk factors, coupled with expert scoring and Gaussian membership functions, effectively addressing parameter learning challenges in data-scarce scenarios and enhancing the model’s robustness and adaptability.




	(2)

	
Using an elevated bridge jacking project in Qingdao, China, as a case study, the practical engineering value of the model was validated. Forward inference results show that the overall construction risk probability decreased from 0.45 to 0.39 (a reduction of 13.3%), highlighting the need to prioritize the high-risk initial phase. Backward inference precisely identified poor foundation (ROV = 0.306), inadequate safety technical briefing (ROV = 0.305), and substructure instability (ROV = 0.298) as critical sensitive factors, uncovering the dominant driving mechanisms in the dynamic evolution of risks.




	(3)

	
Based on the analysis results, targeted risk prevention measures were proposed, encompassing detailed foundation surveys and reinforcement, redundant support system design, enhanced operational standardization, and integration of real-time monitoring technologies. Future research could incorporate digital twin technology to further optimize the model’s dynamic updating capabilities and explore collaborative decision-making frameworks under multi-risk coupling scenarios, thereby improving risk management efficiency in complex engineering environments.




	(4)

	
The DBN model presented in this study was specifically designed for a particular bridge jacking construction project, effectively capturing project-specific risk factors. However, the fixed nature of its structure and parameters limits its applicability across different bridge types (e.g., arch bridges, suspension bridges), locations (e.g., urban, mountainous), or project conditions (e.g., scale, duration). To transform it into a universal risk analysis tool capable of accommodating diverse bridge jacking scenarios, systematic modifications are required in three key areas: model structure, parameter estimation, and data acquisition.
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Figure 1. Safety risk analysis process for bridge jacking renovation construction based on the DBN method. 
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Figure 2. DBN structure for safety risk analysis of bridge jacking renovation construction. 
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Figure 3. Schematic diagram of jacking construction effects. 
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Figure 4. Constrained construction environment. 
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Figure 5. Substructure affected by environmental erosion and load-induced damage. 
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Figure 6. Bridge jacking renovation construction safety risk probability. 
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Table 1. Summary of potential risk sources in jacking construction.
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	Risk Category
	Risk Description





	Structural Stability and Integrity Risks
	
	
Instability when the bridge is partially or fully suspended or reliant on temporary supports;



	
Hidden structural issues (e.g., cracks or corrosion) may become evident during jacking.








	Complex Stress States and Mechanical Analysis
	
	
Requires precise calculation and management of the bridge’s weight and load distribution;



	
Selection and arrangement of jacking equipment must be based on the bridge’s specific structure and conditions.








	Constraints and Risks of the On-Site Work Environment
	
	
Construction often occurs in confined or restrictive environments, such as within existing traffic networks;



	
Safety management of the construction area becomes complex, requiring consideration of surrounding environmental safety.








	Technical and Operational Challenges
	
	
Demands high-precision engineering techniques and an experienced operational team;



	
Jacking renovation plans for each bridge require a high degree of customization.








	Time and Economic Pressures
	
	
Accelerated construction schedules may increase the risk of errors;



	
Economic pressures may lead to compromises in safety measures and technical investments.








	Unpredictable Incidents
	
	
Sudden earthquakes, low-probability equipment failures, or damage to unknown underground pipelines;



	
Discrepancies in understanding the bridge’s current condition among contractors, designers, and owners;



	
Public complaints or media pressure arising from construction activities.















 





Table 2. Safety Risk Indicator System.
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	Category
	Code
	Risk Factor





	Material Factors
	D1
	Jack Failure



	
	D2
	Temporary Support Failure



	
	D3
	Substructure Instability



	Environmental Factors
	E1
	Adverse Weather



	
	E2
	Poor Foundation Conditions



	Human Factors
	H1
	Improper Operation



	
	H2
	Poor Communication



	
	H3
	Low Safety Awareness of Construction Personnel



	Management and Planning Factors
	M1
	Risk Emergency Plan



	
	M2
	On-Site Construction Management Level



	
	M3
	Safety Technical Briefing and Training



	
	M4
	Investment in Safety Measures



	Unpredictable Incidents Ambiguous Factors
	F
	Fuzzy factor










 





Table 3. Grading of linguistic variables and corresponding mean and standard deviation.
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	Linguistic Variable
	Mean (μ)
	Standard Deviation (σ)





	1
	Very High
	0.95
	0.05



	2
	High
	0.8
	0.10



	3
	Moderately High
	0.7
	0.15



	4
	Medium
	0.5
	0.15



	5
	Moderately Low
	0.3
	0.15



	6
	Low
	0.2
	0.10



	7
	Very Low
	0.05
	0.05










 





Table 4. Rules for calculating expert weights.
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	Indicator
	Description
	Scoring Criteria





	Educational Background (W1)
	Level of academic training and depth of theoretical knowledge
	PhD: 0.4,

Master’s: 0.3,

Bachelor’s: 0.2



	Years of Experience (W2)
	Duration of practice in civil engineering
	Baseline of 5 years: 0.2, +0.1 per additional 5 years, maximum 0.6



	Number of Relevant Projects (W3)
	Experience in bridge jacking or similar projects
	Baseline of 5 projects: 0.2, +0.1 per additional 5 projects, maximum 0.5



	Professional Title (W4)
	Professional standing and technical authority in the industry
	Professor/Researcher: 0.3,

Senior Engineer: 0.2,

Engineer/Assistant Engineer: 0.1



	Domain Relevance (W5)
	Alignment of expertise with jacking construction
	Directly relevant: 0.3,

Generally relevant: 0.2,

Indirectly relevant: 0.1



	Influence (W6)
	Contributions to academic research or engineering practice
	High (10 papers/major projects): 0.3,

Medium (5–10 papers/medium projects): 0.2,

Low (<5 papers/ordinary projects): 0.1










 





Table 5. Expert evaluation indicator results and weights.
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	Expert
	Academic

Degree

(W1)
	Years of

Experience (W2)
	Number of Projects

(W3)
	Professional

Title

(W4)
	Field

Relevance

(W5)
	Influence

(W6)
	Initial Weight

(Si)
	Normalized Weight

(Wi)





	Expert 1
	0.4

(PhD)
	0.5

(21 years)
	0.3

(12 bridge projects)
	0.3

(Professor)
	0.3

(Bridge Structural Design Expert)
	0.3

(Published over 10 papers)
	0.350
	0.186



	Expert 2
	0.3

(Master’s)
	0.4

(16 years)
	0.2

(6 bridge projects)
	0.2

(Senior Engineer)
	0.3

(Construction Technology Expert)
	0.2

(Published 7 papers)
	0.267
	0.142



	Expert 3
	0.4

(PhD)
	0.6

(33 years)
	0.4

(18 bridge projects)
	0.3

(Researcher)
	0.3

(Geotechnical Engineering Expert)
	0.3

(Published over 10 papers)
	0.383
	0.203



	Expert 4
	0.3

(Master’s)
	0.3

(14 years)
	0.2

(7 bridge projects)
	0.1

(Engineer)
	0.3

(Equipment Management Expert)
	0.2

(Published 5 papers)
	0.233
	0.124



	Expert 5
	0.2

(Bachelor’s)
	0.5

(24 years)
	0.2

(10 bridge projects)
	0.2

(Senior Engineer)
	0.2

(Safety Management Expert)
	0.2

(Published 5 papers)
	0.250
	0.133



	Expert 6
	0.3

(Master’s)
	0.4

(16 years)
	0.2

(5 bridge projects)
	0.2

(Senior Engineer)
	0.2

(Project Management Expert)
	0.2

(Published 6 papers)
	0.250
	0.133



	Expert 7
	0.3

(Master’s)
	0.2

(7 years)
	0.1

(3 bridge projects)
	0.1

(Assistant Engineer)
	0.1

(Digital Technology Expert)
	0.1

(Published 2 technical papers)
	0.150
	0.080










 





Table 6. Expert assessment results.
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	Root Nodes
	Expert 1
	Expert 2
	Expert 3
	Expert 4
	Expert 5
	Expert 6
	Expert 7





	D1
	Medium
	Moderately Low
	Medium
	Moderately High
	Moderately Low
	Medium
	Low



	D2
	Moderately Low
	Medium
	Moderately Low
	Medium
	Low
	Moderately Low
	Moderately Low



	D3
	Moderately High
	Medium
	High
	Medium
	Moderately High
	Medium
	Medium



	E1
	Medium
	Medium
	Moderately Low
	Medium
	Moderately High
	Moderately Low
	Medium



	E2
	High
	Moderately High
	Very High
	Moderately High
	Medium
	High
	Moderately High



	H1
	Moderately High
	Medium
	Medium
	High
	Medium
	Moderately High
	Moderately Low



	H2
	Moderately Low
	Low
	Moderately Low
	Medium
	Moderately Low
	Medium
	Low



	H3
	Medium
	Moderately Low
	Medium
	Moderately Low
	Medium
	Moderately Low
	Low



	M1
	Medium
	Moderately High
	Medium
	Medium
	Moderately High
	Medium
	Medium



	M2
	Moderately Low
	Medium
	Moderately Low
	Medium
	Moderately Low
	Medium
	Moderately Low



	M3
	Moderately High
	Medium
	Moderately High
	Medium
	Medium
	Moderately High
	Medium



	M4
	Medium
	Moderately Low
	Medium
	Moderately Low
	Medium
	Moderately Low
	Medium



	F
	Moderately Low
	Low
	Moderately Low
	Medium
	Low
	Moderately Low
	Low










 





Table 7. Fuzzy values, initial probabilities, and transition probabilities of root nodes.
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Root Nodes

	
Fuzzy Values

	
Initial Probabilities P (X = 1)

	
Fuzzy Values




	
t

	
t − 1




	
1

	
0






	
D1

	
(0.45,0.15)

	
0.45

	

	

	




	
D2

	
(0.32,0.14)

	
0.32

	

	

	




	
D3

	
(0.62,0.14)

	
0.62

	
1

	
0.75

	
0.25




	
0

	
0.22

	
0.78




	
E1

	
(0.47,0.14)

	
0.47

	

	

	




	
E2

	
(0.77,0.12)

	
0.77

	
1

	
0.85

	
0.15




	
0

	
0.10

	
0.90




	
H1

	
(0.58,0.14)

	
0.58

	
1

	
0.72

	
0.28




	
0

	
0.21

	
0.79




	
H2

	
(0.29,0.13)

	
0.29

	

	

	




	
H3

	
(0.39,0.14)

	
0.39

	

	

	




	
M1

	
(0.54,0.15)

	
0.54

	

	

	




	
M2

	
(0.38,0.15)

	
0.38

	

	

	




	
M3

	
(0.59,0.15)

	
0.59

	

	

	




	
M4

	
(0.43,0.15)

	
0.43

	

	

	




	
F

	
(0.25,0.12)

	
0.25

	

	

	











 





Table 8. ROV comparison of risk factors.






Table