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Abstract: This study aims to address quality issues in the production of prefabricated steel structural
components for buildings by investigating challenges in quality risk assessment. It identifies key
factors contributing to quality problems and establishes an evaluation index system. Traditional
methods encounter limitations in handling uncertainty and conducting quantitative analysis. There-
fore, the fuzzy Bayesian network (FBN) theory is utilized to perform a probabilistic analysis of
quality risks during the production phase. This research achieves a more accurate and dynamic
risk assessment by integrating the strengths of fuzzy logic and Bayesian networks (BNs) and by
utilizing expert knowledge, the similarity aggregation method (SAM), and the noisy-OR gate model.

”ou

The study reveals that factors such as the “low professional level of designers”, “poor production
refinement”, and “poor storage conditions for finished products” have a significant impact on quality
risks. This study offers a scientific risk assessment tool designed to address the quality control
challenges commonly experienced in the manufacturing of steel structural components. Identifying
the critical risk factors that influence quality empowers actual production enterprises to develop risk
management strategies and improvement measures in a more focused manner, thereby facilitating
more effective resource allocation and risk prevention and control. Consequently, this approach has a

significant impact on enhancing the overall production level and quality within the industry.
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1. Introduction

In recent years, there has been a substantial increase in the utilization of prefabricated
steel structural construction and steel component consumption, indicating the inevitable
advancement of prefabricated steel structures [1,2]. This trend is driven by the increasing
demand for sustainable development in the construction industry, bolstered by policies
advocating for energy efficiency, environmental protection, and green building practices [3].
In this context, the significance of quality control for steel structural components during the
production phase, including the critical adherence to specifications concerning dimensional
deviations, cracks, deformations, and mechanical properties, has become more apparent.
The quality of prefabricated components directly impacts the safety performance of en-
gineering projects and plays a vital role in advancing construction industrialization [4].
Therefore, conducting a risk assessment of the quality of steel structural components during
the production phase is of paramount importance.

Currently, the entire lifecycle of quality control of steel prefabricated components
is essential to ensuring the success of the construction project. The process comprises
three primary phases: production, transportation and storage, and on-site construction,
each of which employs specific control measures to guarantee the quality and performance
of the components [5]. During the production stage, starting with the selection and inspec-
tion of raw materials, every phase of the process must be executed precisely, including
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cutting, forming, welding, and surface treatment, to ensure that the size, shape, and quality
of the components meet the design requirements. Quality inspection methods include
ultrasonic testing [6] to detect internal defects in component welds and materials, magnetic
particle testing [7] to detect indicative defects in component welds and materials, and 3D
laser Doppler vibrometry (3D LDV) [8], a non-contact measurement that enables real-time
monitoring of the dynamic properties of products to assess their structural integrity and
production quality. Destructive testing consists of tensile, flexural, and impact tests to verify
that the component’s performance meets the requirements for use [9]. Secondly, quality
testing during the transportation and storage phases is critical to ensure that the integrity
and performance of the components are not compromised before they arrive at the construc-
tion site. This includes visual inspection techniques that utilize high-resolution cameras and
drones to provide clear images from multiple angles [10], which help to inspect surfaces
for corrosion, scratches, or other damage caused by transportation. Finally, during the
field construction phase, quality inspection is crucial to ensure the safety and durability of
the overall structure. The utilization of advanced technologies has led to the widespread
use of innovative inspection methods and equipment in the quality control of on-site
construction. For instance, the mobile test station [11] employs the impulse excitation
technique (IET), which is an effective and cost-effective means of inspecting components in
the field. This approach is suitable for a multitude of situations, including storage, and has
proven to be a useful tool in quality control. Despite the existing quality inspection tools
and methods being relatively comprehensive and primarily focused on identifying and
eliminating substandard components, these measures are primarily reactive in nature and
do not offer effective prevention and control of the quality risks associated with structural
steel components. In particular, the production stage of front-end quality control for steel
components presents numerous and complex challenges [12], as illustrated in Figure 1,
which depicts the various quality issues encountered by a component production plant
in Changchun, Jilin, China. These issues, if not properly categorized and managed, limit
the ability of enterprises to recognize and manage potential risks during the production
phase of assembled steel structure components, thereby impacting the overall safety and
reliability of assembled steel structure buildings. To address these challenges, this paper
will employ FBN and design a risk analysis framework by integrating the noisy-OR gate
model and SAM.
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Figure 1. Frequency of quality issues during the production phase of prefabricated steel struc-
tural components.
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This study aims to develop a probabilistic analysis framework based on FBN for
assessing quality risks during the production phase of prefabricated steel structural com-
ponents. Through this framework, various quality issues and their underlying causes
encountered during production are systematically dissected and clarified. Additionally,
it offers a novel tool for quality risk assessment and management for steel component
manufacturers. Importantly, the FBN-based framework provides scientific and rational
strategies and recommendations for quality control and risk management at the production
stage. This approach improves the production quality of prefabricated steel structural
components and ensures the safety and reliability of prefabricated steel structure buildings.
This research fills a gap in quality risk analysis during the production phase of prefabricated
steel structural components, making a significant contribution to the sustainable develop-
ment of the steel structure construction industry and the objectives of energy conservation,
emission reduction, and green building.

2. Literature Review

Significant progress has been made in assessing construction quality risks and construc-
tion risks in prefabricated construction. This research encompasses various dimensions,
including evaluating safety performance risks in prefabricated buildings [13], controlling
project investment risks [14], and conducting risk assessments during the construction
phase [15,16]. Additionally, studies on risk management across different stages of prefabri-
cated steel structure construction have become more comprehensive [17]. Notably, Leu &
Chang et al. [18] utilized fault trees and Bayesian networks to develop a model for assessing
safety risks at construction sites. However, the quality of prefabricated components remains
a central concern in the prefabricated construction sector, with the evaluation of quality
risks associated with these components being an important yet underexplored area.

Currently, most studies predominantly focus on prefabricated concrete components [19],
with diverse assessment models being developed for identifying and managing quality
risks. Notably, Monte Carlo simulations and numerical methods utilizing the LS-DYNA
physical computing program have been employed to estimate the maximum support
rotation and predict damage to prefabricated concrete wall panels under various threat
scenarios [20]. Additionally, they have assessed the performance of prefabricated concrete
sandwich panels [21,22]. These investigations have significantly contributed to enhancing
the assessment of quality risks in prefabricated components. However, studies on prefabri-
cated steel structural components are notably limited. Current research primarily focuses on
postproduction inspection and problem analysis for steel structural components [23,24] and
the assessment of seismic performance [25,26]. There is a noticeable gap in identifying and
assessing potential risks during the production process. Although innovative techniques
such as 3D laser scanning [27], dynamic Bayesian networks (DBNs) [28], and Bayesian
updating methods combined with Markov chain Monte Carlo (MCMC) techniques [29]
have been introduced for quality inspection and crack prediction, they predominantly focus
on postproduction evaluations and monitoring, overlooking risk prevention and control
during the production phase. This oversight underscores the urgent need for systematic
identification, assessment, and management of quality risks in the production of prefabri-
cated steel structural components, which is crucial for enhancing quality management and
ensuring safety in construction and engineering projects.

In the realm of risk assessment, traditional methods such as the fuzzy evaluation
method (FEM), fault tree analysis (FTA), and failure mode and effects analysis (FMEA) are
extensively utilized. However, they exhibit limitations: difficulty in capturing dynamic
changes, inability to support complex model construction, lack of effective backward rea-
soning capabilities, and failure to accurately depict variable dependencies [30]. In contrast,
BNs, a type of probabilistic graphical model, are adept at managing uncertainties and
intervariable dependencies [31]. These networks are capable of dynamically updating prob-
abilities in response to new information and facilitating causal reasoning within complex
risk systems. Such capabilities render BNs invaluable for conducting more precise and
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dynamic risk assessments in safety evaluation and risk analysis [32,33], with widespread
applications across various domains [34-37]. This approach enhances the flexibility of risk
analysis and deepens the understanding of risk levels in complex systems. Thus, BNs play
an essential role in modern risk assessment by providing effective tools for addressing
uncertainty and dependencies within complex systems.

3. Methodology
3.1. Bayesian Networks

Bayesian networks, introduced by Pearl in 1985, are probabilistic graphical models
designed to describe the conditional dependencies and probabilistic relationships among
variables [38,39]. These networks are depicted using directed acyclic graphs (DAGs),
in which each node signifies a random variable and directed edges represent causal or
conditional dependencies between variables. Each node is associated with a conditional
probability table (CPT) that specifies the probability distribution conditional on the states of
its parent nodes; variables with no parents are governed by prior probability distributions.
BN facilitate predictive reasoning (from causes to effects) and diagnostic reasoning (from
effects to causes). The probability distribution for the node set U = Xy, Xy, - - - , X, is:

P(U) = P(Xy, -, Xa) = ] [POXPar(X;)) 1)
i=1

This model operates on Bayes’ theorem, which permits the updating of prior probabil-
ities with new evidence to compute posterior probabilities [40]. It is applicable in scenarios
that assume conditional independence. The formula for Bayes’ theorem is presented below:

P(UP(EIU) _ P(EJU)

PUE) ==& = 5urED) @

3.2. Fuzzy Set Theory and the Fuzzy Bayesian Method

Fuzzy set theory (FST), introduced by Zadeh [41] in 1965, is designed to address uncer-
tainties caused by imprecision and vagueness, making it ideal for scenarios characterized
by uncertainty, subjectivity, or incomplete information [42—44]. In risk assessment, fuzzy
theory is utilized to quantitatively analyze risk factors that cannot be precisely quanti-
fied [45,46] and has been established as a vital tool in this field [47]. The integration of fuzzy
theory with BNs has resulted in the creation of FBN, which enhance the ability to manage
uncertain information and broaden their use in complex decision-making. In FBNs, the
selection of suitable fuzzy probability measures is critical [48]. Prominent fuzzy numbers
currently employed include triangular fuzzy numbers [49], trapezoidal fuzzy numbers [50],
and Gaussian fuzzy numbers [51], with triangular fuzzy numbers being widely favored for
their advantages in processing imprecision and ease of computation. This research adopts
triangular fuzzy numbers to express the probability of event occurrences. The function
image is depicted in Figure 2, and the membership function is defined in Equation (3):

0O, x<a
X—a
N )peas<x<b
I’ll(x) - Z:i,b S X S c (3)

0,x>a
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Figure 2. Membership functions of natural language variables and triangular fuzzy numbers.

4. Model Construction

To comprehensively assess the quality risks associated with the production of pre-
fabricated steel structural components, the model construction encompasses four steps.
Initially, potential risks and their causative factors are identified through a literature review
and expert consultation. Subsequently, a BN model that links all variables is constructed.
Thereafter, FST and expert judgments are integrated, utilizing the SAM to calculate and
defuzzify the probabilities of the risk nodes. Ultimately, GeNle 4.1 software and Bayesian
reasoning are employed to evaluate the risks. The detailed processes are illustrated in
Figure 3.

Risk identification Construction of BNs Parameterization of BNs BN Analysis
Related literature Partitioning risk factors into E Expert survey ) p Causal inference )
individual nodes | |
| , | | | | | | : |

expert knowledge »>(ldentifying causal relationships;y»» Data collection ) > Diagnostic reasoning )
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steel structure component FProposed network topology F Probability fuzzification F Sensitivity analysis )

production

Figure 3. Risk assessment process for the quality of prefabricated steel structural components
in construction.

4.1. Risk Identification for the Quality of Steel Component Production

The primary aim of risk identification in the production of steel structural components
is to promptly and accurately detect risk factors that affect quality, a crucial element in de-
veloping an effective risk assessment model. This research integrates quality management
theory with actual risk identification practices to establish a risk identification framework,
further incorporating the 5SM1E theory, as discussed by P. Cao et al. [52] and Friederich
& Lazarova-Molnar [53]. Subsequently, the theoretical framework was revised based on
the findings from actual production surveys: the “measurement” factor has been substi-
tuted with “management scheme” risk to accurately reflect the impact of management
decisions on production quality; similarly, “method” has been replaced by “technologi-
cal” risk, highlighting the pivotal role of production technology and process flows in risk
management. Through comprehensive surveys and domain expert knowledge, risk factors
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were meticulously refined and categorized into six main dimensions, By, By, - - - , Bg, and
21 secondary factors, Ay, Ay, - - - , Ap1, with names, symbols, and descriptions as detailed
in Tables 1 and 2, ensuring the scientific integrity, systematic approach, and comprehen-
siveness of the assessment indicator system.

Table 1. Classification and description of primary risk factors for the quality of prefabricated steel

structural components.

Symbols Variable Names Descriptive Content
B Human resource risk Operators’ understanding of quality and level of technical proficiency
. . Precision and maintenance status of machinery, equipment, and
B, Equipment risk S yequip !
testing instruments
Bs Material risk Quality of raw materials, processing level, etc.
By Technological risk Includes production processes, operating procedures, etc.
. . Temperature, humidity, lighting, cleanliness, and other conditions in the
Bs Environmental risk pete ! ¥ Hehtng, !
production area
Be Risk of management strategies = Management of finished products, personnel, quality, production, and design
Table 2. Classification and description of the secondary quality risk factors for prefabricated steel
structure components.
Symbols Variable Names Descriptive Content
Aq Low level of speaahzatlon among Refers to insufficient technical knowledge and operational skills of workers
production personnel
A Inadequate work experience among Typically, refers to a lack of practical experience among staff in production operations
2 production personnel and problem-solving
. , . Refers to a lack of professional knowledge, application abilities, and innovation
Az Designers’ low professional competence .
awareness among designers
™ Low professional competence of inspectors Refers toa lack of professional knowledge, skills, and experience among quality
inspection and control personnel
As Poor quality of production equipment The failure rate, aging, and level of automation of equipment affect product quality
A Poor quality of factory molds and die tables The quality of t.oc?ls and equipment for shaping and supporting steel into the final
product shape is inadequate
Ay Poor level of testing laboratory The laboratory lacks in facilities, technology, and management system
Ag Poor level of testing laboratory The production equipment lacks proper regular maintenance and necessary upkeep
Ao Substandard quality of raw materials The rr}aterlals .u‘sed. in production fail to meet industry standards or
technical specifications
. . . The processing of raw materials during production fails to meet industrial standards,
Aqg Poor processing quality of raw materials ; ¢ .o
leading to various defects and deficiencies
An Poor precision in production Insufficiency in precision and meticulous execution in production activities
. The manufacturing and processing methods of steel structure components production
A Poor maturity of the process . . .
have not reached a high level of precision and optimization
Ass Poor conditions for finished product storage If the storage conditions, s'uch as temperature and hum1d1ty fqr finished products do not
meet the ideal standards, it may compromise the quality and lifespan of the components
. . Whether the dust, temperature, and humidity in the factory production environment
Ay Poor factory production environment .
meet the requirements
A Substandard maintenance environment for The storage and maintenance environment of steel or components during maintenance
15 steel components do not meet standards, which may damage their quality and long-term performance
A Inadequate management scheme for The storage, transportation, and quality inspection of component finished products
16 finished products are unreasonable
Ay Imperfect quality management system Systemic deficiencies in component and service quality assurance within the enterprise
. Inadequacies in the design, execution, personnel, technical application, and data analysis
A Inadequate testing management scheme . .
feedback of the inspection process
. The management decisions regarding production processes and workflow scheduling
Aqg Inadequate production management scheme . . )
have not effectively supported the completion of production tasks
. . Whether the design scheme meets the relevant standards and the requirements of the
Ay The design management scheme is inadequate . .
construction unit
A The employee supervision and management  The systems, processes, or mechanisms employed by the enterprise to supervise and
21

system are ineffective

manage employees are not effectively implemented

4.2. Structure of Bayesian Networks

This study utilizes expert interviews and analyses conducted during the production
phase of prefabricated components to ensure the universality of the Bayesian network
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production equipment
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structure employed for assessing quality risks in producing steel structural components for
prefabricated buildings. After clarifying the variables of each node and their dependencies,
the foundational architecture of the Bayesian network for quality risk factors in steel struc-
tural component production was established. In this network, root nodes are represented
by green fill, intermediate nodes by blue, and target nodes by yellow highlighting, as

shown in Figure 4.
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Figure 4. Bayesian network for quality incidents during the production phase of prefabricated steel

structural components.

4.3. Bayesian Network Parameter Learning

Parameter learning in Bayesian networks is focused on determining the prior proba-
bilities for root nodes and the CPTs for intermediate and target nodes. This process aims to
enhance the efficiency and accuracy of probability estimates during this phase and to opti-
mize the integration of expert judgments. In this study, the probabilities of all nodes within
the network are calculated by integrating FST, expert judgment methods, and the SAM.

4.3.1. Determining the Prior Probabilities of Root Nodes

Obtaining data on quality issues during steel structural component production is often
challenging. Due to the multitude of quality risk sources and significant uncertainties in
production, domain experts commonly utilize FST for fuzzy judgments, typically ranging
from 5 to 9 levels [54]. To align expert opinions with triangular fuzzy numbers, a 7-level
natural language variable scale [55] is employed to assess the probabilities of root nodes.
These linguistic variables are then converted into specific fuzzy numbers, with detailed
divisions of fuzzy probability intervals outlined in Table 3. Subsequently, the SAM [56-58]
aggregates assessments from various experts. In complex decision-making contexts, the
integration of FBN and SAM demonstrates considerable advantages over alternative meth-
ods (e.g., fuzzy prioritization, game theory, arithmetic averaging, maximum-minimum
Delphi, etc.) in conjunction with FBN. To begin with, FBN effectively handles the uncer-
tainty and vagueness of information, while SAM optimizes this process by effectively
incorporating multiple expert viewpoints through statistical means, thereby reducing in-
dividual bias and enhancing the accuracy of decision support [59]. Moreover, FBN in
conjunction with SAM can more effectively manage and analyze large volumes of data and
their intricate interrelations, making it particularly well-suited for big data environments.
Conversely, other techniques such as fuzzy prioritization or Delphi methods may prove
less efficient when dealing with extensive data sets [60]. Arithmetic averaging, on the
other hand, may oversimplify expert opinions and disregard crucial distinctions among
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them. Although game theory accounts for the interactions among decision-makers, it
may be overly complex and difficult to apply directly to all types of decision problems in
practical settings [61]. Therefore, the combination of FBN and SAM not only enhances the
flexibility and adaptability of the model, but also improves the accuracy and practicality of
decision-making, which is especially beneficial for scenarios that require the integration of
substantial amounts of intricate information.

Table 3. Natural language variables and their corresponding membership functions.

Linguistic Variables Fuzzy Set

Very Low (VL) (0.0,0.0,0.1)
Low (L) (0.0,0.1,0.3)
Fairly low (FL) (0.1,0.3,0.5)
Moderate (M) (0.3,0.5,0.7)
Fairly high (FH) (0.5,0.7,0.9)
High (H) (0.7,0.9, 1.0)

Very high (VH) (0.9, 1.0,1.0)

The fusion of FBN and SAM is applied with the aim of improving the accuracy and
reliability of risk assessment of the production quality of assembled steel components. In
this study, the structure of FBN is first defined, including nodes and edges. Each node
represents a risk factor, such as the designer’s level of expertise, production fineness, and the
preservation environment of the finished product. The edges, on the other hand, represent
the causal relationship between these factors. Next, initial probability distributions and
fuzzy logic parameters are set for each risk factor node, which are initially set based on
historical data and preexisting expert opinions. SAM is used to integrate opinions from
multiple experts to enhance the consistency and objectivity of the assessment, and first
collects the ratings of multiple experts on the impact level of each risk factor. By calculating
the similarity of assessments between experts, SAM aggregates these assessments into
a single composite score. This process, in which each expert’s judgment is assigned a
different weight based on its similarity to other experts’ assessments, ensures that the
aggregated assessments reflect both expert consensus and retain key individual insights.
Fuzzy number defuzzification is extremely critical in the decision-making process [62],
where fuzzy numbers aggregated through the SAM method are defuzzified through the
center-of-area (CoV) method [63,64] and converted into specific probability values [65,66],
which ultimately lead to the specific probability value of each root node, which is used to
update the fuzzy logic parameters in the FBN, reflecting the degree of the impact of each
risk factor on the quality of production, enabling the FBN to more accurately simulate the
real risk situation and laying the foundation for further quality risk assessment.

However, there are potential biases in using expert judgment for parameter learning at
this stage. These biases may affect the results and conclusions of the study. First, the main
sources of bias are personal experience and cognitive bias, information availability bias,
confirmation bias, and collective homogenization [67]. For example, personal experience
and cognitive bias can cause experts’ subjective judgments during assessment to be biased
toward their own past experiences, thus overestimating or underestimating certain risk
factors. In addition, information availability bias makes it possible for experts to over-rely
on easily accessible information and ignore difficult-to-obtain but equally important data.
Further, confirmation bias leads to selective bias in individuals” processing of information,
with a tendency to validate their own expectations or beliefs. Collective homogenization
emphasizes the tendency of experts to express and support similar or identical views in
assessments, thereby reducing the objectivity of the views. The presence of these biases
may not only affect the development of risk management strategies, but may also reduce
the reliability of model predictions, thus affecting the effectiveness of decision-making in
component manufacturing plants. Therefore, in order to reduce the impact of biases in
expert judgment in parameter learning and to enhance the objectivity and reliability of the
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study, several mitigation measures were taken during the questionnaire process for domain
experts. First, structured multi-expert judgments are implemented, whereby multiple
experts with different backgrounds independently conduct assessments and compare
their perspectives, which helps to identify and reduce individuality bias and collective
homogenization bias [68]. In addition, combining some quantitative data provided by
actual steel component manufacturers” and experts’ judgment and combining empirical
data with subjective assessments of experts can effectively calibrate and validate the experts’
judgments, thus improving the prediction accuracy of the model and the effectiveness of
the decision. Through these comprehensive measures, the credibility and practicality of the
research results can be significantly improved.

L *
FP = {101(’13 70 (4)

K = 2.301 x [(1_})*)13 (5)
P

4.3.2. Determination of the CPTs for Intermediate and Target Nodes

The noisy-OR gate model is a simplified probabilistic graphical model utilized for
describing binary output nodes, particularly in cases where multiple factors exert influence.
In Bayesian networks, when a node has numerous parent nodes, the impact of these parents
on the child node can be complex and not entirely independent. The noisy-OR gate model
posits that each parent node contributes independently to the activation state of the child
node with some probability, while the inactivated state of the child node is attributable
to the joint probability of all parents failing to activate it. In the process of parameter
learning for Bayesian networks, particularly when the amount of data is insufficient to
fully characterize all conditional probabilities, a substantial amount of data is required
to directly compute the CPT. The noisy-OR gate model offers an efficient approach to
estimate node dependencies [69]. Its advantage lies in the assumption of independence
of the parent nodes’ influence on the child nodes, which allows for the approximation
of complex CPTs with fewer parameters, making it suitable for small datasets and multi-
parent node scenarios [70]. For instance, in this study, we employ a noisy-OR gate model
to estimate the effect of individual factors, such as the quality of production equipment or
environmental problems in preserving finished products, on final product quality. Within
the noisy-OR gate model, node statuses are designated as either “Yes” or “No”. When
solely Xj(i =1,2,--- ,n) is marked as “Yes” while all other parent variables are set to “No”,
the probability for the child node Y is formulated as follows:

PI(Y|X1) :P(Y|X11X2/"' /Xi/"'/xn) (6)

Subsequently, Py, Py, - - - ,P;, - - -, Py, are calculated to determine the additional terms
X1, Xz, -, Xp in the CPT of the child node Y, as shown in the following equation:

P(Y[Xn)=1— [] (1-P(Y[X)) (7)
X;EXn

The conditional probability P(Y|Xy ) is obtained through expert judgment.

4.4. BN Inference and Sensitivity Analysis

This study utilizes GeNle4.1 software to process Bayesian networks, enabling the
input of network structure, prior probabilities, and conditional probabilities. This study
establishes a framework for causal reasoning, diagnostic reasoning, and sensitivity analysis.
Causal reasoning occurs through forward inference in BNs, calculating the conditional
probabilities of target nodes based on known states of child nodes, thereby quantitatively
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assessing risks under specific conditions. Conversely, diagnostic reasoning employs back-
ward inference in BNs, setting specific states for target nodes and calculating posterior
probabilities of child nodes. Elevated posterior probabilities highlight key risk factors,
informing risk diagnosis and control. This method identifies critical risk pathways, aiding
in the development of risk prevention and control measures.

5. Application of BN Models

This section conducts a risk assessment for steel structural component production
based on identified risk factors and the construction process of the BN network model
outlined in Section 3. Initially, causal relationships among the risk factors are established
(see Figure 4). Subsequently, expert assessments of the probabilities for each risk factor are
gathered through surveys, which are then used to compute the probabilities for the root
nodes, leaf nodes, and target nodes. Finally, the risk assessment analysis was performed
using GeNle4.1 software.

5.1. Prior Probabilities of BN Root Nodes

In the process of establishing the prior probabilities for the root nodes, this study
involved four domain experts from steel component manufacturing firms and academic
institutions in a questionnaire survey. Given that variations in experts” work experience,
educational backgrounds, qualifications, and confidence in assessment could subjectively
affect the accuracy and consistency of their opinions, the objective weights of the experts
were calculated based on a background survey [71]. These weights were evaluated using
the criteria listed in Table 4, and the final weights assigned to the four experts are displayed
in Table 5.

Table 4. Criteria for calculating expert weights.

Indicators Description Score Indicators Description Score
Doctor 5 Affirmative 5
Master 4 Almost certain 4
. ! Bachelor 3 “ . Very likely 3
Education Leve College Diploma 5 Confidence in Assessment Possibly b
Other 1 Uncertain 1
>20 5 Senior 4
15-20 4 Intermediate 3
: 10-15 3 . . Junior 2
Work Experience
p 510 ’ Professional Title Entry-level 1
<5 1
Table 5. Expert weights.
Serial Number  Professional Title Wo.r k Education Confidence in Score Weight
Experience Level Assessment
Expert 1 Senior >20 Doctor Affirmative 4+5+5+5=19 0.288
Expert 2 Senior >20 Master Almost certain 4+5+4+4=17 0.258
Expert 3 Senior >20 Bachelor Very likely 4+5+3+3=15 0.227
Expert 4 Senior 15-20 Bachelor Almost certain 4+4+3+4=15 0.227

The judgments of the four experts are aggregated and subjected to defuzzification,
yielding calculations of P and FP. The details of the expert judgments and the correspond-
ing calculation results for the root nodes are presented in Table 6.

To minimize redundancy, the calculation of the prior probability for “Poor Factory
Production Environment A4” is presented as an example to illustrate the application of
the SAM in computing root nodes. A relaxation factor of 3 = 0.5 is employed to calculate
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the consensus coefficient and WS(Ey) is derived based on Table 4. The steps involved in
the calculation are detailed in Table 7.

Table 6. Expert judgments for root nodes, aggregated fuzzy numbers, P’, and FP.

Expert Judgment
Root Node Aggregated Fuzzy Numbers r FP
1 2 3 4
Ay H FH H H 0.653 0.853 0.978 0.82800 0.04338
Ay M FL L FL 0.129 0.306 0.506 0.31367 0.00102
Az H H FH VH 0.703 0.880 0.979 0.85400 0.05284
Ay H H FH H 0.655 0.856 0.978 0.8300 0.04402
As FH FL VL FL 0.174 0.329 0.506 0.33633 0.00129
Ag M M VL FL 0.186 0.343 0.526 0.35167 0.00151
Az H FH H FH 0.602 0.802 0.952 0.78533 0.03211
Ag FH M L M 0.289 0.468 0.669 0.47533 0.00419
Ay M L VL FH 0.195 0.322 0.499 0.33867 0.00133
Aqp FH FH M FH 0.456 0.656 0.856 0.65600 0.01395
Aqq H H FH H 0.655 0.856 0.978 0.82967 0.04391
A M L L M 0.152 0.303 0.504 0.31967 0.00110
Az H H H H 0.701 0.901 1.000 0.86767 0.05897
Ay FH H H VH 0.697 0.873 0.976 0.84867 0.05068
Ass FH FL L FL 0.172 0.349 0.549 0.35667 0.00158
Aqg H FH FH FH 0.553 0.753 0.928 0.74500 0.02457
Az FH M M FH 0.402 0.602 0.802 0.60200 0.00990
Aqg FH FH M FH 0.456 0.656 0.856 0.65600 0.01395
Ajg M FL L M 0.181 0.359 0.559 0.36633 0.00173
Ay FH H FH H 0.599 0.799 0.950 0.78300 0.03161
Aj VH FH FH H 0.654 0.828 0.951 0.81100 0.03837
Table 7. The probability calculation process for “Poor Factory Production Environment A14”.
The expert judgments for “Poor Factory Production Environment (A14)” are as follows

Expert 1 FH (0.5,0.7,0.9)

Expert 2 H (0.7,0.9, 1.0)

Expert 3 H (0.7,0.9,1.0)

Expert 4 VH (0.9,1.0,1.0)

(1) Sy (f’k, IN’]> is defined as the level of consensus between the opinions of each pair of experts, E; and E;. The similarity between experts is

calculated as follows:

~ 3
Sj <Pk,Pj> =1- ﬁig\ﬂi — by

S(E1, Ep) = 0.833 S(E;,E3) = 0.833 S(E1,E4) = 0.733 S(Ez, E3) =1 S(Ez,E4) =09 S(Es,E4) =09
(2) Calculate the average consensus of each expert’s assessment:AA (Ey) = %Z,’{’# Jik =1, Skj <1N3k, IN’j

AA(E;) = 0.800 AA(Ey) = 0911 AA(E3) = 0911 AA(Ey) =0.844

(3) Calculate the relative consensus of each expert: RA(Ey) = %

RA(E;) =0.231 RA(Ey) = 0.263 RA(E3) = 0.263 RA(Es) =0.244

(4) W(Ey) represents the weight of experts, where W(Ey) = % denotes the weight score of experts, with JT for job title, WE for work
=1

experience, EQ for educational background, and JC for judgment confidence, calculated as WS(Ex) = Sg, (JT) + Sg, (WE) + Sg, (EQ) + Sg, (JC), as

shown in Table 5. Calculate the consensus coefficient for each expert: CC(Ey) = B-W(E) + (1 — B)-RA(Ex)
CC(E;) = 0260 CC(Ey) = 0.261 CC(Es3) = 0245 CC(E4) = 0236
(5) Summarize the judgment results: IEAG = CC(E1)1N31 + CC(EZ)IN)Z 44 CC(EH)IN’,,

INDAG =0.260 x (0.5,0.7,0.9) + 0.261 x (0.7,0.9,1.0) + 0.245 x (0.7,0.9,1.0) + 0.236 x (0.9,1.0,1.0) = (0.697,0.873,0.976)

(6) Due to the output being a fuzzy number, the CoA method is utilized for defuzzification:
Jofpxtot i RNy (o) — 084867
]Hb =it [y Sfdx -3 e

(7) Ultimately, the failure probability, FP, is computed using Equations (4) and (5), representing the prior probabilities of each root node:

P =

1
— 1-0.84867 \ 3 _
K =2301 x (L59867)° — 120513

FP =y = jordess = 0.05068
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5.2. The Conditional Probabilities of the Leaf Nodes and the Target Nodes Are Determined

The conditional probabilities of the leaf nodes and the target nodes are determined
using the noisy-OR gate model. To elucidate the calculation process, “Environmental Risk
(Bs)”, which has three parent nodes, is employed as a case study. The detailed process
is outlined Table 8. This discussion focuses exclusively on the derivation of conditional
probabilities, omitting the initial aggregation of fuzzy numbers, which are detailed for

other leaf and target nodes in Table 9.

Table 8. The CPT for the intermediate node “Environmental Risk (Bs)”.

The expert judgment on “Environmental Risk (Bs)”, along with the aggregation of fuzzy numbers and P’, is assessed.

Bs|A1s FL FH H M (0.394,0.594,0.771)  P* = 0.58633
Bs|A1s FL FL FH FH (0.291,0.491,0.691) P = 0.49100
Bs|A1s FH M FH FH (0.452,0.652,0.852) P’ = 0.65200

Conditional probabilities are computed employing the noisy-OR gate model, as delineated in Formulas (6) and (7).
P' = (Bs|A13,A14) =1— (1 - P*(B5|A13)> ( P*(BS|A14)> = 0.78944
P" = (B5|A13,A15) = 1— (1P’ (Bs|A13) ) x (1—P(Bs|As5) ) = 0.85604
P" = (B5|A14,A15) = 1— (1—P'(Bs|A14) 1—P'(Bs|A15) ) = 0.82287
The conditional probability table associated with “Environmental Risk (Bs)” is presented.
P" = (Bs|Ai3, A1, Ar5) = 0.58633, P = (Bs|A3, A1g, Ars ) = 0.78944
P" = (Bs|A13,A14, Ar5) = 0.49100, P* = (Bs|A13, A1, A5 ) = 0.85604
P" = (Bs|A13, A1, Ar5) = 0.65200, P" = (Bs|A13, A1s, Ags ) = 0.82287
P" = (B5|A13,A14,A15) = 0.92673,P" = (Bs|Ay3, A1y, Ag5) = 0.07327
As evidenced by Table 6:
A13(Y) = 0.05897, A13(N) = 0.94103;A14(Y) = 0.05068, A14(N) = 0.94932
As5(Y) = 0.00158, A;5(N) = 0.99842
The probability of “Environmental Risk” occurrence is calculated using the BN formula.
P(Bs|Y) =P(Bs=Y|A1;3=Y,Ai=Y,A;5=Y)P(A;3=Y)P(A1x =Y)P(A15 =)
+P(Bs = Y|A13 = Y, A1y = Y, Aj5 = N)P(Aq3 = Y)P(A14 = Y)P(A;5 = N)
P(Bs = Y|A13 = Y,A14 = N, A5 = Y)P(A;3 = Y)P(A14 = N)P(A15 = Y)
N)
N)

X

(

P(Bs = Y|A;3 =Y, A1y = N, A5 = N)P(A3 = Y)P(A1y = N)P(A;5 = N)
+P(Bs = Y|A;3 = N,Ay = N, A5 = N)P(A13 = N)P(Ay = N)P(Aj5 = N)
( A3 =N)P(A14 = N)P(A;5 =)
E )) (

P(Bs = Y|A;3 =N,Ay =N, A5 = Y)P(
P(Bs = Y|A;3 =N,Ayy = Y,A;5 = N)P(A3 = A1y =Y)P(A5 =N)
P(Bs = Y|A;3 =N,A14 =Y, A5 = Y)P(A13 = N)P(A1g = Y)P(A5 = Y) = 0.12492

Table 9. Expert assessments of leaf nodes and target nodes.

Parental Risk Expert Assessment Aggregated Fuzzy Numbers P
Nodes Events 1 2 3 4

B1|A1 M FH M FH 0.394 0.592 0.790 0.59220

B1|A; M H M FH 0.445 0.645 0.821 0.63684

By B1|A3 H FH M FH 0.506 0.706 0.881 0.69807
Bi|A4 FH M M M 0.351 0.551 0.751 0.55102

By|As FH H M H 0.556 0.757 0.906 0.73967

By |Ag H H H FH 0.655 0.855 0.978 0.82933

By By|Ay FH M H M 0.445 0.645 0.822 0.63733
By|Ag M M H M 0.384 0.584 0.764 0.57733

B Bs|Ag H H H VH 0.746 0.923 1.000 0.88967

3 Bs|A1g H FH H FH 0.602 0.802 0.951 0.78500

B Bs|A11 M H H FH 0.557 0.761 0.915 0.74433

4 By|A1z H FH FH H 0.602 0.802 0.951 0.78500
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Table 9. Cont.
Parental Risk Expert Assessment Aggregated Fuzzy Numbers P
Nodes Events 1 2 3 4

Bs|A13 FL FH H M 0.394 0.594 0.771 0.58633

Bs Bs|A14 FL FL FH FH 0.291 0.491 0.691 0.49100
Bs|A1s FH M FH FH 0.452 0.652 0.852 0.65200

Bg|A1g FH FH FH FH 0.500 0.700 0.900 0.70000

Bg|A1y M FH M FH 0.399 0.599 0.799 0.59900

Bg|A1g M M M M 0.300 0.500 0.700 0.50000

Be Bg|A1g M H M FH 0.445 0.645 0.801 0.63033

Be| Az M FH FH H 0.495 0.695 0.872 0.68760

Bg| A FH M FH H 0.498 0.698 0.875 0.69033

C|B; H H FH H 0.655 0.856 0.978 0.82967

C|By M FH FH H 0.495 0.695 0.872 0.68733

C|B3 FH H H H 0.650 0.850 0.976 0.82533

C C|By FH H FH H 0.599 0.799 0.949 0.78233
C|Bs L M M M 0.228 0.404 0.604 0.41200

C|Bg FL M M FH 0.294 0.494 0.694 0.49400

The probability of environmental risk is determined to be 12.492%. Following the
computation of other nodes’ probabilities using the same method, risk propagation and
sensitivity analyses are conducted using BN to identify the primary factors and pathways
influencing the production of steel structural components.

5.3. Inference Results

Following the derivation of prior probabilities for root nodes and conditional prob-
abilities for leaf and target nodes using the method described above, these probabilities
are uploaded into the GeNle4.1 software. This facilitates the establishment of probabilistic
connections among the nodes, culminating in a Bayesian model for assessing quality risks
associated with the production phase of prefabricated building steel structural components,
as depicted in Figure 5.

o A9 | [© A10 o AN o A12
Yes  0%] | [Yes 1%] Yes 4%)| Yes 0%]
[ A5 No 100% No 99% No 96% No 100%
o A13
Yes 6%
9
o ST No 94%
Yes 4% Yes 9%]| o Al4
No 96% No 91% Yes 5%|
\ No 95%
Yes 3%| .
No 97% — o B2 © © © B ?es 0’:;1|5
o A8 | Jves 3% —>Yes26%|Hl [———Yes12%]l e
S o o No 88% ° U
Yes 0%| No 97% No 74%| g
No 100%
[ Al
Yes 4%]|
No 96% 3 20/"}16
es o
o A2 No 98%
Yes  0%] \
No 100% o A17
o A3 Yes 1%]
Yes 5% No 99%
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S o o A2 =) A20 o A19 = A18
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No 96%

| Yes 1%
No 99%

| Yes 3%
No 97%
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Yes 4%
; No 100%)

No 96%

Figure 5. BN diagram of quality risk assessment during the production phase of prefabricated
building steel structural components.

Bayesian forward inference revealed that the probabilities of occurrence for personnel
risk By, equipment risk By, material risk B3, technical risk B4, environmental risk Bs, and
management plan risk Bg were 10%, 3%, 4%, 9%, 12%, and 8%, respectively. The cumulative



Buildings 2024, 14, 1624

14 of 23

quality risk during the production phase of steel structural components reaches 26%,
significantly surpassing the minor event threshold of 5% [72], highlighting notable quality
risks. Low professionalization of production personnel, designers, and inspectors may drive
personnel risk, while technical risk primarily stems from insufficient production precision.
Environmental risk is influenced by storage conditions and the manufacturing environment;
management plan risk could result from flawed management strategies or ineffective
oversight. With the probabilities of these risks exceeding 5%, further investigation into the
causal pathways and critical sensitive factors is warranted to establish a foundation for
developing preventive measures.

5.4. Diagnostic Reasoning

The occurrence probability of “quality risk in prefabricated building steel structural
component production” is set at 100%, and diagnostic inference using GeNle4.1 software
facilitates the analysis of the principal causes and pathways of risk propagation. Figure 6
illustrates that “Personnel Risk B;” has the highest occurrence at 34%, whereas “Equipment
Risk B,” has the lowest occurrence at 9%. A deeper examination of the chief propagation
routes for intermediate nodes, as depicted in Table 10, shows the increments in each risk
factor. Specifically, increases of 24% were observed for personnel risk, 6% for equipment
risk, 8% for material risk, 18% for technical risk, 14% for environmental risk, and 10% for
management plan risk. Consequently, the primary direct causes are “Personnel Risk B;”,
“Technical Risk B4”, and “Environmental Risk Bs”, with significant influences arising from
“Low Professionalism of Designers A3z”, “Inadequate Production Precision A1;”, and “Poor
Finished Product Storage Environment Aj3”. These elements are pivotal to the quality risk
during the production stage of steel structural components.

[ A9 o A10 o A1 o A12
Yes 0% Yes 4%| Yes 11%]] Yes 0%]
& A5 No 100% o [No 96% o [No 89% 4 [No 100%| o
Yes 0% o A13
No 100% o Yes 9%l
9
° A6 o B3 o B4 Mo G @
Yes 0% Yes 12%]] Yes27%|H S A4
No 100% 7 No 88% No 73% . Yes 7%l
[ A7 / No 93% i
Yes 7%
oul B5 5 A15
No 93% g .0 B2 © © © b Yes 0%
fe————Yes 26% e——Yes 9
o A8 | LlYes 9% —"Yes 100% /.| N No 100% J
Yes 1% No 91% H No 0% oo
No 99% ol
o A1
Yes 10%[l]
No 90% T © B6 © A16
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No 100% o / ) A7
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Figure 6. Outcomes of reverse inference.

Table 10. Primary propagation pathways from root nodes to leaf nodes to target nodes.

Primary Propagation Pathways

Personnel Risk A3(14%) — B1(34%) — C(100%)
Equipment Risk Az7(7%) — By (%) — C(100%)
Material Risk A19(4%) — B3(12%) — C(100%)
Technical Risk A11(11%) — B4(27%) — C(100%)
Environmental Risk A13(9%) — B5(26%) — C(100%)

Risk of management strategies A1 (7%) — Bg(18%) — C(100%)
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5.5. Sensitivity Analysis

Sensitivity analysis aids in identifying significant risk-affecting events within the
BN model [73], enhancing the understanding of the model. A sensitivity analysis of
the “Quality Risk in Prefabricated Building Steel Structural Component Production C”
conducted in GeNle4.1 software is depicted in Figure 7, which shows that the depth of red
in node colors reflects the sensitivity to risk, with deeper red indicating higher sensitivity.
For clarity, sensitivity is represented by the length of the bars in the bar charts, with color
changes indicating the direction of impact: red for negative changes and green for positive
changes. As shown in Figure 8, personnel risk By, technical risk B4, and environmental risk
Bs are the primary direct factors of quality risk. Further sensitivity analysis, as shown in
Figures 9-11, reveals that “Low Professionalism of Designers A3” has the greatest impact on
“Personnel Risk B1”, followed by “Low Professionalism of Production Personnel A;”; “Poor
Production Precision A1;” leads to “Technical Risk By”, followed by “Poor Process Maturity
A1,”; “Poor Finished Product Storage Environment Aj3” and “Poor Factory Production
Environment A14” are the primary and secondary influencing factors for “Environmental
Risk Bs”, respectively. Combined with forward and diagnostic reasoning analysis, “Low
Professionalism of Designers A3”, “Poor Production Precision Aj;”, and “Poor Finished
Product Storage Environment A;3” are identified as key risk factors.
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=) A15
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No 100%| i
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Figure 7. Sensitivity analysis results for quality risk in steel component production.

Sensitivity for C=Yes
Current value: 0.260357 Reachable range: [0.254514 .. 0.266201]
0.255 0.26 0.%65

1: C=Yes | B1=Yes, B2=No, B3=No, B4=No, B5=No, B6=No

2: C=Yes | B1=No, B2=No, B3=No, B4=Yes, B5=No, B6=No
3: C=Yes | B1=No, B2=No, B3=No, B4=No, B5=Yes, B6=No
4: B4=Yes | A11=No, A12=No
5: C=Yes | B1=No, B2=No, B3=No, B4=No, B5=No, B6=Y es
6: A3=Yes
7: B1=Yes | A1=No, AR=No, A3=Yes, A4=No
8: B5=Yes | A13=Np, A14=No, A15=No
9: B4=Yes |A1f=Yes, A12=No

10: A11=Yes

(@)

Figure 8. Cont.
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Sensitivity for C=No
Current value: 0.739643 Reachable range: [0.733799 .. 0.745486]

0.735 0.74

0.745

1: C=Yes | B1=Yes, B2=No, B3=No, B4=No, B5=No, B6=No

2: C=Yes | B1=No, B2=No, B3=No, B4=Y es, B5=No, B6=No

3: C=Yes | B1=No, B2=No, B3=No, B4=No, B5=Yes, B6=No

4: B4=Yes | A11=No, A12=No

5: C=Yes | B1=No, B2=No, B3=No, B4=No, B5=No, B6=Y es

6: A3=Yes

7: B1=Yes | A1=No, AR=No, A3=Yes, A4=No

8: B5=Yes | A13=Np, A14=No, A15=No

9: B4=Yes |A1f=Yes, A12=No

10: A11=Yes

(b)

Figure 8. Sensitivity rankings of quality risks in prefabricated building steel structural component

production: (a) in the “Yes” state; (b) in the “No” state.

Sensitivity for B1=Yes
Current value: 0.102359 Reachable range: [0.0989517 .. 0.105767]

0.999 0.1 0.1‘01 0.1‘02 0.1‘03 0.1‘04

0.1‘05

1: A3=Yes

2: B1=Yes | A1=No, AR=No, A3=Yes, A4=No

3: Al=Yes

4: B1=Yes | A1=Yes, A2=No, A3=No, A4=No

5: B1=Yes | A1=No, AR2=No, A3=No, A4=Yes

6: Ad=Yes

7: B1=Yes | A1=No, A2=No, A3=No, A4=No

8: B1=Yes | A1=No, AZ=No, A3=Yes, A4=Yes

9: B1=Yes | A1=Yes, A2=No, A3=Yes, A4=No

10: B1=Yes | A1=Yes, A2=No, A3=No, A4=Yes

(@)

Sensitivity for B1=No
Current value: 0.897641 Reachable range: [0.894233 .. 0.901048]

0.§95 0.§96 0.§97 0.§98 0.§99 0.9

0.901

1: A3=Yes

2: B1=Yes | A1=No, A2=No, A3=Yes, A4=No

3: Al=Yes

4: B1=Yes | A1=Yes, A2=No, A3=No, A4=No

5: B1=Yes | A1=No, AR=No, A3=No, A4=Yes

6: Ad4=Yes

7: B1=Yes | A1=No, A2=No, A3=No, A4=No

8: B1=Yes | A1=No, A2=No, A3=Yes, A4=Yes

9: B1=Yes | A1=Yes, A2=No, A3=Yes, A4=No

10: B1=Yes | A1=Yes, A2=No, A3=No, A4=Yes

(b)

Figure 9. Sensitivity analysis of “personnel risk B;”: (a) in the “yes” state; (b) in the “no” state.



Buildings 2024, 14, 1624 17 of 23

Sensitivity for B4=Yes
Current value: 0.0860173 Reachable range: [0.0807674 .. 0.0912671]

O.q85 0.09
1: B4=Yes | A11=No, A12=No

2: B4=Yes | A1flI=Yes, A12=No

4: B4=Yes | A11=No, A12=Yes

6: B4=Yes | A11=Yes, A12=Yes

(a)
Sensitivity for B4=No
Current value: 0.913983 Reachable range: [0.908733 .. 0.919233]
0.91 0.5?1 5
1: B4=Yes | A11=No, A12=No

2: B4=Yes | A11I=Yes, A12=No

4: B4=Yes | A11=No, A12=Yes

6: B4=Yes | A11=Yes, A12=Yes

(b)
Figure 10. Sensitivity analysis of “technical risk B;”: (a) in the “yes” state; (b) in the “no” state.

Sensitivity for B5=Yes
Current value: 0.124921 Reachable range: [0.118386 .. 0.131456]

0.12 0.125 0.13
1: B5=Yes | A13=Np, A14=No, A15=No

2: B5=Yes | A13=Y

4: B5=Yes | A13=

6: B5=Yes | A13=Ye:

7: B5=Yes | A13=Ng, A14=No, A15=Yes
8: A1
9: B5=Yes | A13=Yes, A14=No, A15=Yes

10: B5=Yes | A13=No, A14=Yes, A15=Yes

()

Figure 11. Cont.
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Sensitivity for B5=No
Current value: 0.875079 Reachable range: [0.868544 .. 0.881614]

0.87 0.875 0.88
h i~a h
, A14=No, A15=No

1: B5=Yes | A13=]

2: B5=Yes | A13=Ygs, A14=No, A15=No

4: B5=Yes | A13=Ng, A14=Yes, A15=No

6: B5=Yes | A13=Yes$, A14=Yes, A15=No

7:B5=Yes | A13=Ng, A14=No, A15=Yes
8: A15=Yes
9: B5=Yes | A13=Yes$, A14=No, A15=Yes

10: B5=Yes | A13=No,

(b)

Figure 11. Sensitivity analysis of “environmental risk Bs”: (a) in the “yes” state; (b) in the “no” state.

A14=Yes, A15=Yes

5.6. Validation of the BN Model

To ascertain the reliability of the model, this study modified the occurrence proba-
bilities of six primary risk factors and assessed the consequent reductions in the quality
risks associated with the production of prefabricated building steel structural components.
Using GeNle4.1 software, these risk factors were set to a 0% occurrence rate, and the
resulting changes in target node risks are shown in Table 11. This analysis identified
personnel, technical, and environmental risks as the most impactful to production quality.
Further investigation into the roots of these risks involved setting the occurrence states of
their parent nodes to 0% and observing the changes in initial probabilities, as detailed in
Tables 12-14. The findings underscored “Low Professionalism of Designers Az”, “Poor
Production Precision Aj1”, and “Poor Finished Product Storage Environment Aj3” as the
principal factors affecting these risks. In summary, the BN model has proven highly practi-
cal and effective for assessing quality risks in the production of prefabricated building steel
structural components.

Table 11. The alteration in probability associated with the target node.

The Initial Probability of Occurrence for Target Node C, P(C) = 0.26036

B; =0 B, =0 By =0 By =0 Bs =0 B =0
P'(C) 0.19170 0.24518 0.23804 0.20698 0.22015 0.23157

Table 12. The variation in probability for the intermediary node B;.

The Foundational Occurrence Probability for the Intermediary Node By, P(B;) = 0.10236

A =0 Ay =0 Ay =0 Ay=0
P'(B;) 0.07902 0.10178 0.06828 0.08041

Table 13. The fluctuation in probability associated with the intermediary node By.

The Baseline Occurrence Probability for the Intermediary NodeBy, P(B4) = 0.08602

A =0 App =0
P/ (By) 0.05577 0.08524
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Table 14. The shift in probability for the intermediary node Bs.

The Foundational Occurrence Probability for the Intermediary Node Bs, P(Bs) = 0.12492

A3 =0 Ay =0 Aj5=0
P/(B5) 0.09534 0.10441 0.12405

6. Discussion

This study provides a new methodology for the systematic identification, assessment,
and management of quality risks in the production of steel structural components for
assembly buildings by constructing a fuzzy Bayesian network-based quality risk assessment
model for the production phase of steel structural components for assembly. Through the
comprehensive use of fuzzy set theory and Bayesian network, the experience and fuzzy
evaluation from experts in multiple fields are effectively integrated, thus overcoming the
limitations of traditional risk assessment methods in dealing with uncertain information in
complex systems.

In practice, the model provides a nuanced insight into risk by accurately quantifying
the impact of three key factors: the designer’s level of expertise, production finesse, and the
environment in which the finished product is kept. For example, the model reveals that de-
signers with low levels of expertise may significantly increase the risk of component quality
defects due to design flaws, in which case the product may have structural weaknesses
that are difficult to correct at the end of production. In addition, lack of production finesse
was identified as another important factor for problems during production, while poor
finished product preservation environments may lead to a risk of performance degradation
of produced high-quality components before they are installed, and even superb-quality
components may be subjected to performance degradation due to environmental factors
such as excessive humidity or large temperature variations.

Further, the model not only identifies these risk factors but also quantifies their in-
teractions, providing a dynamic risk assessment framework. This enables component
manufacturers to output a risk assessment closer to the actual situation based on the model,
and dynamically adjust their risk management strategy according to the current production
conditions and environment. For example, if the model predicts an increase in risk due to a
designer’s lack of expertise, the company can choose to conduct additional design audits
or provide more training to reduce the likelihood of the risk occurring. In addition, the
application of the model helps companies allocate resources more accurately. By identifying
those factors that have the greatest impact on quality risk, companies can prioritize the
allocation of resources to critical areas, such as strengthening the control of the design
process in terms of flow, improving the fineness of the production process, or rectifying the
humidity and temperature of the environment in which the finished product is stored in
terms of storage conditions, so as to maximize the overall production efficiency and product
quality. In conclusion, the fuzzy Bayesian network-based assessment model developed in
this study not only enhances the scientific and systematic nature of risk management in the
production process of steel prefabricated components, but also provides a feasible solution
to help producers ensure product quality while maintaining competitiveness, which lays a
solid foundation for the sustainable development and technological advancement of the
assembled building industry.

Despite significant theoretical and practical progress, certain limitations persist. Firstly,
the model’s accuracy largely depends on the accuracy of expert judgments, which may
introduce subjective bias. Secondly, fuzzy Bayesian networks can manage uncertain infor-
mation, but their scalability and flexibility may be constrained when dealing with intricate
systems. Furthermore, the existing study mainly concentrates on model construction and
validation, without adequate depth in examining the interactions and dynamic changes
among risk factors.

Future research may take several paths: firstly, by integrating additional empirical evi-
dence to improve the model’s accuracy and dependability; secondly, by utilizing advanced
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data analytics and machine learning strategies to enhance the model’s ability to handle in-
tricate systems; and thirdly, by investigating the interactions and recurring patterns among
risk factors to strengthen the model’s predictive powers. Furthermore, given the multi-state
nature of production quality risks, future investigations will examine the potential benefits
of incorporating multi-state representations to enhance the model’s capabilities.

7. Conclusions and Recommendations

This study developed an FBN model to systematically assess quality risks during
the production phase of prefabricated steel structural components and identified key risk
factors. Expert interviews and field surveys were utilized to establish the structure of the
Bayesian network. FST combined with the SAM and noisy-OR gate model was employed
to calculate node probabilities, reducing subjective biases from expert assessments and
enhancing computational efficiency. The findings revealed a 26% probability of quality risks
and identified three main risk propagation paths through diagnostic reasoning. Control
measures targeting these paths significantly mitigated quality risks. This study offers an
effective tool for quality risk assessment and management in steel structural component
production, enhancing product quality and production safety. Considering key risk factors
such as designer professionalism, production precision, and the finished product storage
environment, the following measures are recommended to reduce quality risks during
production: (1) Strengthen designer training through regular courses and workshops to
improve the understanding of new technologies and standards and foster design innovation.
(2) Enhance production precision by utilizing advanced equipment and technology and
implementing stringent quality controls to ensure production quality. (3) The finished
product storage environment should be improved by adjusting the warehouse temperature
and humidity to prevent quality deterioration during storage. These measures, along with
continuous process optimization and management system improvement, effectively reduce
production quality risks and enhance product quality.
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