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Abstract

Against the backdrop of policy-driven transformation in construction industrialization,
the EPC general contracting model has emerged as a core pathway for the large-scale
development of prefabricated buildings. However, the EPC mode integrates the links of
design, procurement, production, and transportation, construction, resulting in a complex
coupling correlation among the risk factors of prefabricated construction schedule, which is
easy to induce the risk contagion effect and increase the difficulty of risk control of project
schedule delay. To address this, this study constructs a hybrid model integrating the “Fuzzy
Interpretive Structural Model (FISM)-Coupling Degree Model-Bayesian Network (BN)” to
systematically analyze risk contagion mechanisms. Taking an EPC prefabricated building
project as an example, FISM is used to reveal the hierarchical structure of risk factors,
while the coupling degree model quantifies interaction strengths and maps them into
the BN to optimize conditional probability parameters. Through comprehensive hazard
analysis, seven key causal risk factors and two critical risk propagation paths are identified.
Targeted control measures are designed for the key risk factors, and BN-based simulation
is applied to locate critical risk nodes and implement break-chain interventions for the
risk paths, resulting in a 23% reduction in the probability of schedule delay. Engineering
applications demonstrate that this model can effectively achieve the dynamic identification
and blocking of risk paths, providing valuable reference for similar projects and offering
informed support for managers in formulating scientific response strategies.

Keywords: risk chain; Fuzzy Interpretive Structural Model; Bayesian network; coupling
weight; chain-breaking intervention strategy

1. Introduction
Prefabricated construction, with its advantages such as resource efficiency, low-carbon

environmental friendliness, and shortened construction periods [1], has become a technical
pathway for addressing structural labor shortages and implementing the “Dual Carbon”
strategy in China. In 2016, the Executive Meeting of the State Council reviewed and
approved the Guiding Opinions on Vigorously Developing Prefabricated Buildings, ex-
plicitly advocating the use of the Engineering Procurement Construction (EPC) model
in the development of prefabricated buildings. Owing to the inherent characteristics of
prefabricated construction and disparities among different suppliers in design, production,
and construction systems, close collaboration is essential across the design, production,
procurement, and construction stages of prefabricated projects. Therefore, both from a
policy perspective and considering the intrinsic features of prefabricated construction,
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adopting the EPC model is crucial for integrating the construction process into a cohesive
system and maximizing its advantages [2,3]. However, under the EPC model, the entire
production supply chain is interlinked, which amplifies the generalized correlation and
coupling characteristics of project schedule risks [4]. This heightened interconnectivity can
easily trigger a domino effect, increasing the difficulty of completing the project within the
planned schedule [5]. To mitigate potential risks such as cost overruns due to delays and
compromised overall project benefits, it is particularly important to manage key schedule
risk factors and critical risk transmission pathways in prefabricated construction projects
under the EPC model.

Currently, scholars have conducted extensive research on the EPC model, schedule
management of prefabricated buildings, and associated schedule risks under their inte-
gration. In terms of EPC project schedule risk, some researchers have employed methods
such as the Analytic Hierarchy Process-Extension theory [6,7] and Structural Equation
Modeling [8,9] to identify and assess key schedule risk factors. However, these studies
often fail to adequately account for judgment fuzziness and interdependencies among
risk factors, while the weight assignment methods employed tend to be overly subjective.
Habibi M. et al. [10] established a schedule risk evaluation index system from the general
contractor’s perspective by optimizing weights, yet the issue of subjective bias in weighting
methods remains. In contrast, Luo Q. et al. [11] emphasized that poor contract management
and inadequate coordination and communication are primary causes leading to litigation
and disputes, necessitating greater attention.

In the study of schedule risks in prefabricated construction, Sun et al. [12,13] applied
the DEMATEL-ISM to quantitatively analyze the relationships among influencing factors,
revealing complex transmission mechanisms and interaction pathways among multiple
factors. However, the determination of inter-factor relationships relies heavily on subjective
judgment, which affects the accuracy of evaluation results. Zhong et al. [14] used the
DEMATEL-ISM-BN integrated approach to identify key risk factors affecting the schedule
of prefabricated building projects and predicted the probability of schedule delay risks.
Nevertheless, the Bayesian Network (BN) method depends excessively on expert experi-
ence in obtaining probability parameters and involves complicated and time-consuming
computations. Luo Q. et al. [11] adopted the SAN-ISM method, taking into account the cou-
pling characteristics of risks, to identify and analyze the propagation patterns and paths of
construction schedule risks in prefabricated building projects. However, the SAN model re-
quires substantial computational resources. In contrast, Zhao Y. et al. [15] combined System
Dynamics (SD) and a BP neural network model to provide key information for controlling
the impact of risk-related factors on delays in prefabricated construction progress.

Regarding schedule risk research in prefabricated construction under the EPC model,
Xia, M. et al. [16] developed an evaluation model based on gray-fuzzy theory and identified
construction and design as the primary factors determining project risk levels. Meanwhile,
Cao, P. et al. [17] utilized structural equation modeling (SEM) to assess the impact of various
risk factors on prefabricated building construction risks in EPC projects throughout the
entire project lifecycle, similarly finding construction and design risks to be most influential.
Further advancing this line of inquiry, Zhang, Z. et al. [18] focused on specific risks by
comprehensively considering both fuzziness and randomness, employing the G1-CRITIC
method and cloud model for risk assessment. Their approach quantitatively analyzed
indicator weights and impact degrees, effectively evaluated safety risk management levels,
helped reduce accident rates, and provided references for similar projects.

In the study of risk correlations, Wang Q. et al. [19] employed an improved Interpre-
tative Structural Model (ISM) and Cross-Impact Matrix Multiplication Applied to Clas-
sification (MICMAC) to develop a hierarchical model and identify key risk factors. This
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approach addresses the issue of unreasonable judgments regarding inter-risk relationships,
leading to more accurate evaluation results. Nevertheless, the magnitude of risk correla-
tions could not be quantified. For tunnel construction safety risks, Zhang M. et al. [20]
utilized the N-K model and System Dynamics (SD) to analyze risk coupling mechanisms.
However, the N-K model fails to represent the hierarchical network relationships among
risk factors. In contrast, the coupling degree model demonstrates significant advantages in
quantifying risk correlations, enabling quantitative analysis of interaction intensities among
risk factors [21]. For instance, Pan et al. [22,23] established a coupling evaluation model
for tunnel collapse risks using this method, identifying primary coupled risk factors and
implementing control measures that reduced accident rates. Similarly, Zhou Jun et al. [24]
quantified interdependencies among schedule risk factors through the coupling degree
model and converted them into weights to determine Bayesian Network (BN) probability
parameters, thereby enhancing schedule risk assessment accuracy. It should be noted,
however, that like the N-K model, the coupling degree model cannot reflect the hierarchical
network relationships among risk factors.

2. Research Questions
2.1. Existing Problems

Based on the aforementioned research analysis, it is evident that studies on schedule
risks in prefabricated construction primarily face the following issues:

(1) Existing weighting methods often overlook the fuzziness in expert judgment and
exhibit excessive subjectivity, thereby undermining the accuracy of final evaluation results;
(2) the hierarchical network relationships and correlation quantification of risk factors re-
main fragmented, making unified modeling challenging. Moreover, parameter calculations
are complex, time-consuming, and lack precision, further compromising risk assessment
accuracy; (3) although interactions among risk factors are considered, research still focuses
on individual risks rather than thoroughly analyzing the impact of different types of risk
factors on risk transmission networks; and (4) there is relatively scarce research on schedule
risks specific to the integration of the EPC model and prefabricated construction.

2.2. The Limitations of Single-Model Analysis and Its Innovative Approaches

Focusing on the aforementioned issues and synthesizing the preceding literature re-
view, existing single-model approaches demonstrate significant limitations in analyzing
schedule risks for prefabricated buildings under the EPC model: although the Fuzzy Inter-
pretative Structural Model (FISM) can effectively clarify hierarchical relationships among
risk factors, it struggles to quantitatively assess uncertainties; while Bayesian Networks
(BN) offer advantages in probabilistic reasoning and dynamic evolution analysis, their
conditional probability parameters rely excessively on expert judgment [25] and cannot
quantify coupling strength between risk factors; although the coupling degree model
enables quantitative analysis of interactions between factors, it lacks the capability for
systematic analysis of risk transmission paths. Therefore, to comprehensively reveal the
evolution mechanism of schedule risks in EPC-based prefabricated construction and accu-
rately identify key causal factors and critical risk propagation paths, this study innovatively
proposes an integrated engineering schedule risk management methodology that combines
FISM, BN, and the coupling degree model.

2.3. A Multi-Model Integration Approach for Schedule Risk Analysis in EPC Prefabricated
Building Projects

Specifically, firstly, the literature research method and frequency statistics method
were employed to establish a schedule risk factor index system from four dimensions:
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design, procurement, production and transportation, and construction. Subsequently, data
was collected through questionnaire surveys and organized to form a fuzzy association
matrix regarding risk factors. Secondly, the fuzzy association matrix was incorporated
into the Fuzzy Interpretation Structural Model for relevant calculations, revealing com-
plex transmission pathways among the indicators. This matrix was then mapped into a
Bayesian network structure to enable reasoning and prediction of schedule delay risks,
thereby identifying key causal factors and core risk transmission pathways. To address
the issues of low efficiency and high error in conditional probability calculations within
the Bayesian network, a modified coupling degree model was introduced. By integrating
it with the fuzzy association matrix, the associations between risk factors were converted
into weights that parent nodes point to child nodes, optimizing the calculation process
of conditional probabilities and enhancing both their efficiency and accuracy. Finally, the
proposed method was applied to the ongoing EPC prefabricated construction project at
the new campus of Xinjiang Changji University. This application facilitated the probability
prediction of schedule delay risks, the identification of key risk factors, and the determina-
tion of important risk pathways. Based on these findings, targeted control measures were
formulated to ensure the successful completion of the project. The specific procedures are
shown in Figure 1.

 

Figure 1. Flowchart of the schedule risk chain blocking strategy.

3. Research Method
3.1. Identification of Schedule Risk Chain Factors

The schedule risk assessment for prefabricated construction projects under the EPC
model requires establishing an indicator balance mechanism to avoid redundancy, increas-
ing evaluation difficulty, and omissions leading to quantification bias. Given the limited
relevant literature, the study primarily references two categories: first, the literature fo-
cusing on schedule risks in EPC-based prefabricated construction projects; second, the
literature centered on schedule-related studies of prefabricated building projects. Databases
such as Wan fang Data, CNKI, Elsevier Science Direct, and Web of Science were searched
using keywords including “prefabricated construction” and “schedule risk” or “EPC-based
prefabricated construction schedule.” Forty relevant publications were selected for statisti-
cal analysis of schedule risk factors. Key risk factors with a frequency count ≥ 6 (where
conceptually similar factors were counted as one) were retained to ensure a more rational
indicator system. The statistical results are shown in Figure 2.



Buildings 2025, 15, 3948 5 of 19

Figure 2. Identification of schedule risk chain factors in prefabricated construction.

3.2. Construction of the Indicator System

Based on the statistical analysis results of schedule risk factors in prefabricated con-
struction projects presented above, a schedule risk factor indicator system for EPC prefabri-
cated buildings has been established, as detailed in Figure 3.

 

Figure 3. Indicator system for the schedule risk chain in prefabricated construction projects.

3.3. Analysis of the Schedule Risk Chain in EPC Prefabricated Buildings
3.3.1. Construction of Schedule Risk Chain Based on FISM

While the traditional Interpretative Structural Model (ISM) can efficiently construct
a hierarchical network of elements within complex systems, its reliance on the binary
0–1 judgment mechanism of classical set theory embodies a rigid, all-or-nothing logic.
This fundamentally limits its ability to accurately characterize the fuzziness and gradient
intensity differences in interactions between elements [26]. In highly coupled complex
system scenarios, cognitive differences among experts regarding element relationships often
lead to significantly dispersed judgment results, exposing the traditional model’s structural
limitation in representing fuzzy associations. To address this, the Fuzzy Interpretative
Structural Model (FISM) introduces fuzzy set theory. By utilizing membership functions, it
transforms the discrete 0–1 relationships in ISM into continuous fuzzy relationships within
the [0, 1] interval, achieving a gradient quantitative expression of interaction strength from
weak to strong [27].

Compared to traditional fragmented construction models, the EPC model’s high
integration of design, procurement, production, and transportation, and construction
phases in prefabricated buildings causes schedule risk factors to become interlinked and
intertwined, forming a complex network. In this context, FISM demonstrates significant
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advantages in analyzing risk interrelationships: it can not only deconstruct risk factors with
complex coupling relationships into an intuitive and visual risk chain network but also
provide crucial theoretical support for subsequent optimization of the Bayesian Network
structure. The specific modeling process of this model is as follows:

(1) Define Research Objectives and Identify Key Factors

Clearly delineate the research objectives and determine relevant influencing factors.

(2) Construct Fuzzy Adjacency Matrix

Utilize questionnaire surveys to preliminarily assess inter-factor relationships, estab-
lishing the fuzzy adjacency matrix X = (xij)n×n, where xij denotes the interaction intensity
between factors, with continuous values within the [0, 1] interval.

(3) Select Membership Function

Develop the fuzzy interaction intensity matrix Bn = (bij)n×n for EPC prefabricated
construction schedule risks based on the following Equation (1):

bij =

{ xij/(xi + xj − xij), i ̸= j
0, i = j

(1)

where bij is fuzzy interaction intensity of factor i relative to factor j, xi represents sum of
elements in the i-th row of matrix X, xj is sum of elements in the j-th column of matrix X, i, j
is 1, 2, . . ., n.

(4) Determine Threshold λ

Calculate the adjacency matrix A = (aij)n×n using the following Equation (2):

aij =

{
1, bij > λ

0, bijλ
(2)

where aij fuzz represents the elements in the adjacency matrix A.

(5) Derive Reach ability Matrix M

Apply Boolean matrix operations to adjacency matrix A. The reachability matrix M is
obtained when A satisfies the following Equation (3):

(A + E)1 ̸= (A + E)2 ̸= (A + E)1 ̸= · · · ̸= (A + E)x−1 = (A + E)x = M (3)

where E denotes the identity matrix.

(6) Hierarchical Partitioning Based on M, compute:

Reachable Set R(Si), Antecedent Set A(Sj), Common Set Q(Si)
Iteratively eliminate identified top-level elements and allocate all factors into hierar-

chical tiers using the following Equations (4)–(6):

R(Si) =
{

Sj
∣∣Sj ∈ S, Sij = 1

}
(4)

A(Sj) =
{

Si
∣∣Si ∈ S, Sij = 1

}
(5)

Q(Si) =
{

Si
∣∣Si ∈ S, R(Si) ∩ A

(
Sj
)
= R(Si)

}
(6)

where S represents the element set.
Following these steps, the Fuzzy Interpretive Structural Model (FISM) for schedule

risk factors in EPC prefabricated construction projects is systematically constructed, with
computational workflows as detailed above.
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3.3.2. Analysis of Critical Schedule Risk Chains Based on Bayesian Network

Bayesian network modeling involves two key steps: delineating the network structure
and specifying the network parameters. Given the interdependencies among schedule risk
factors, the Fuzzy Interpretive Structural Model (FISM) is adopted to construct the network
topology, which is subsequently transformed into a Bayesian network model. Risk factors
R11 to R48 and R are all defined with binary states: “Yes” and “No.”

Considering the scarcity of schedule delay risk data and challenges in Bayesian
network-based schedule risk analysis—such as frequent expert decisions, subjectivity,
computational inefficiency, and significant errors in conditional probability estimation—the
mutual influence values from the fuzzy adjacency matrix F obtained in Step 2 are utilized.
A modified coupling degree formula is introduced to quantify risk coupling, which is then
converted into influence weights of parent nodes on child nodes in the Bayesian network.
Subsequently, a probabilistic weighting method [28] is applied to estimate the conditional
probabilities of non-root nodes, thereby optimizing the schedule risk evaluation process.

(1) By examining the hierarchical network structure constructed through the Fuzzy
Interpretive Structural Model, pairs of interacting schedule risk factors are identified.
Building on the fuzzy relational matrix from the FISM, a modified coupling degree
model [21] is incorporated to quantitatively calculate the coupling degree between
paired risk factors.

C =

√√√√√√√√1 −

n
∑

i>j,j=1

√
(ui − uj)

2

n−1
∑

m=1
m

× (
n

∏
i=1

ui
max ui

)

1
n − 1 (7)

where C denotes the coupling strength, with higher values indicating stronger cor-
relations between associated factor pairs; Ui represents the initial direct influence
magnitude of individual factors. Both C and Ui are bounded within the interval [0, 1].

(2) Perform normalization based on the following equation:

Wi =
Ci

n
∑

i=1
Ci

m

∑
i=1

Wi = 1, Wi ⊂ [0, 1] (8)

where Wi denotes the influence weight of parent nodes on child nodes; Ci represents
the coupling degree between risk factor pairs.

Zj =
n

∑
i=1

∣∣Zij
∣∣Wi (9)

Pj =
e−RZj

b
∑

j=a
e−RZj

, Pj ∈ [0, 1] (10)

where j denotes the node state, with j = T indicating occurrence and j = F non-
occurrence; Zij represents the distance between the child node and the parent node;
if the child node occurs while the parent node does not, Zij = 1; if both nodes share
the same state, Zij = 0; if the child node does not occur while the parent node does,
Zij = −1; Wi denotes the influence weight of the i-th parent node on the child node;
Pj signifies the conditional probability of the child node being in risk state “j”; and R
quantifies the expert-evaluated result distribution index.
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The prior probabilities of root nodes in the Bayesian Network are determined based
on expert evaluations and computed using the following triangular fuzzy numbers:

p̃ij =
p̃1

ij ⊕ p̃2
ij . . . ⊕ p̃q

ij

q
= (ãij, m̃ij, b̃ij) (11)

pi =
ãij + 2m̃ij + b̃ij

4
(12)

where aij denotes the minimum possible value of the node state, mij represents the most
probable value of the node state, bij indicates the maximum possible value of the node state.
Subsequently, the mean triangular fuzzy probability for expert-assessed values in state ii is
calculated using Equation (12).

Finally, the prior probabilities of root nodes are calculated using the equation below
and normalized:

p′ij =
pij

m
∑
1

pij

(13)

where Pij denotes the probability after normalization, P′
ij represents the probability before

normalization.
The identification of critical risk-inducing factors and core risk transmission paths is

determined by the risk impact degree of risk factors as follows [21]:

D = P(Xi|A) + S + M (14)

where P(Xi|A) denotes the posterior probability of each risk factor, S represents the sensi-
tivity of the risk factor, and M indicates the impact intensity of the risk factor.

3.3.3. Research on Blocking Strategies Based on Schedule Risk Chain

Timely disruption of risk factors or propagation processes within the schedule risk
chain of prefabricated construction under the EPC model can control risk transmission
and prevent larger schedule delay events. Accordingly, targeting the multiple schedule
risk chains identified earlier, the relevant functions of GeNIe software 4.1.3402 are utilized
to comprehensively identify critical causative factors and core risk transmission paths.
Chain-breaking simulations are conducted on the core risk chains to pinpoint critical risk
nodes, and specific blocking strategies are proposed.

4. Empirical Analysis and Results
4.1. Overview of the EPC Prefabricated Building Project

This prefabricated building project, with a prefabrication ratio of 53%, adopts the EPC
delivery system. Key specifications include the following: total floor area, 21,318.75 m2

(above-ground, 17,315.52 m2; basement, 4003.23 m2); structural system—framed structure
with four above-ground floors and one basement level. Regarding the schedule, the project
is planned to officially commence on 6 June 2024, and is scheduled to be completed on 2
November 2024, with a total duration of 150 days. To ensure the project can be completed
smoothly according to the planned timeline and to validate the effectiveness of the hybrid
model constructed earlier, the hybrid model was applied to conduct a schedule risk as-
sessment for this project one month prior to the commencement. Through this assessment,
key causal factors affecting the project schedule and critical causal risk chains were accu-
rately identified, enabling the early implementation of targeted preventive measures, close
monitoring of potential risks, and avoidance of project schedule delays.



Buildings 2025, 15, 3948 9 of 19

4.2. Construction of the Schedule Risk Chain Based on the FISM
4.2.1. Determination of the Fuzzy Correlation Matrix of Factors

Questionnaires were distributed to experts actively involved in the actual construction
project, requesting them to perform Step 2 of the FISM construction process by analyzing
the influence relationships among the 25 factors. The fuzzy correlation matrix of factors,
denoted as X, was ultimately statistically derived using the averaging method, as presented
in Table 1.

4.2.2. Membership Function Selection

The association strength matrix B was obtained through calculation using Equation (1).
By setting a threshold value λ, the association strength matrix B was filtered. A smaller λ
value results in a more refined system division, while a larger λ value leads to a coarser
system division [29]. The level of refinement in system division directly affects the overall
system performance, so the selection of λ must be appropriate. After multiple rounds
of value analysis and filtering, a threshold value of λ = 0.482 was selected, yielding a
reasonably structured risk chain network. Based on the association strength matrix B, the
adjacency matrix A0 was derived using Equation (2). Building on the adjacency matrix, the
reachability matrix M was calculated on the MATLAB 2023a platform using Equation (3),
as shown in Table 2.

Through Equations (4)–(6), the reachable set, antecedent set, intersection set, and
hierarchy levels were computed. Finally, the prefabricated construction schedule risk
factors with complex interrelationships were transformed into a clear and hierarchical
directed graph, as illustrated in Figure 4.

 

Figure 4. Directed graph of hierarchical structure.

Starting from insufficient designer competence (R12), lack of procurement personnel
experience (R25), imperfect industry standards and specifications (R15), inadequate compo-
nent production experience (R36), adverse weather conditions (R42), and rising material
and equipment costs (R21), all nodes were traversed along the direction of the arrows,
ultimately reaching the endpoint of schedule delay (R). A total of 46 schedule risk chains
were identified. To identify high-impact risk chains and key causative factors, the following
figure was mapped to a Bayesian network for analysis.
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Table 1. Fuzzy correlation matrix of factors.

No. R11 R12 R13 R14 R15 R21 R22 R23 R24 R25 R26 R31 R32 R33 R34 R35 R36 R41 R42 R43 R44 R45 R46 R47 R48

R11 0.00 0.10 0.10 0.42 0.12 0.14 0.21 0.11 0.10 0.12 0.10 0.15 0.18 0.12 0.13 0.19 0.13 0.14 0.13 0.14 0.12 0.16 0.14 0.14 0.12
R12 0.68 0.00 0.20 0.76 0.14 0.13 0.14 0.14 0.13 0.14 0.21 0.19 0.23 0.20 0.16 0.14 0.17 0.12 0.22 0.18 0.61 0.25 0.20 0.19 0.22
R13 0.76 0.10 0.00 0.72 0.16 0.33 0.25 0.65 0.19 0.32 0.15 0.66 0.33 0.21 0.25 0.33 0.13 0.12 0.25 0.21 0.24 0.27 0.32 0.25 0.22
R14 0.62 0.17 0.40 0.00 0.25 0.33 0.19 0.25 0.30 0.33 0.26 0.27 0.32 0.25 0.21 0.30 0.23 0.11 0.15 0.20 0.32 0.72 0.16 0.10 0.61
R15 0.30 0.10 0.86 0.80 0.00 0.25 0.32 0.26 0.20 0.22 0.25 0.35 0.32 0.21 0.11 0.19 0.18 0.12 0.22 0.23 0.21 0.25 0.20 0.16 0.13
R21 0.20 0.10 0.10 0.21 0.10 0.00 0.82 0.10 0.72 0.21 0.50 0.21 0.17 0.34 0.23 0.33 0.26 0.22 0.30 0.13 0.23 0.27 0.13 0.12 0.31
R22 0.58 0.20 0.33 0.21 0.26 0.21 0.00 0.20 0.70 0.19 0.23 0.19 0.15 0.12 0.66 0.23 0.12 0.15 0.15 0.20 0.20 0.21 0.25 0.30 0.21
R23 0.21 0.17 0.32 0.26 0.10 0.32 0.10 0.00 0.85 0.17 0.41 0.23 0.16 0.66 0.25 0.27 0.19 0.19 0.31 0.33 0.20 0.71 0.20 0.23 0.23
R24 0.27 0.23 0.11 0.10 0.26 0.10 0.41 0.25 0.00 0.32 0.35 0.16 0.20 0.16 0.26 0.22 0.14 0.10 0.10 0.12 0.21 0.10 0.10 0.23 0.10
R25 0.25 0.14 0.15 0.10 0.10 0.15 0.60 0.30 0.30 0.00 0.60 0.15 0.25 0.21 0.24 0.15 0.17 0.25 0.25 0.22 0.62 0.23 0.22 0.32 0.31
R26 0.10 0.23 0.10 0.21 0.10 0.19 0.10 0.18 0.51 0.21 0.00 0.32 0.26 0.21 0.21 0.15 0.12 0.11 0.14 0.21 0.33 0.22 0.21 0.32 0.22
R31 0.20 0.32 0.25 0.30 0.35 0.25 0.21 0.74 0.10 0.26 0.15 0.00 0.10 0.57 0.10 0.39 0.31 0.10 0.10 0.25 0.21 0.15 0.10 0.24 0.69
R32 0.23 0.25 0.20 0.22 0.10 0.21 0.10 0.16 0.10 0.10 0.21 0.10 0.00 0.16 0.22 0.23 0.12 0.16 0.10 0.15 0.10 0.21 0.43 0.10 0.24
R33 0.22 0.12 0.15 0.19 0.20 0.21 0.21 0.22 0.15 0.19 0.10 0.22 0.10 0.00 0.20 0.31 0.10 0.22 0.10 0.12 0.10 0.12 0.21 0.22 0.21
R34 0.10 0.15 0.10 0.23 0.21 0.23 0.19 0.10 0.40 0.22 0.21 0.23 0.22 0.23 0.00 0.23 0.23 0.10 0.11 0.10 0.10 0.10 0.22 0.23 0.10
R35 0.20 0.10 0.12 0.10 0.32 0.10 0.23 0.69 0.10 0.23 0.10 0.66 0.22 0.10 0.22 0.00 0.21 0.10 0.10 0.21 0.24 0.48 0.10 0.10 0.32
R36 0.13 0.17 0.35 0.25 0.25 0.23 0.10 0.59 0.10 0.17 0.10 0.65 0.32 0.42 0.26 0.27 0.00 0.23 0.22 0.30 0.13 0.30 0.31 0.25 0.42
R41 0.16 0.25 0.10 0.10 0.21 0.19 0.15 0.26 0.31 0.25 0.26 0.11 0.23 0.65 0.26 0.31 0.10 0.00 0.10 0.21 0.30 0.54 0.10 0.18 0.33
R42 0.32 0.25 0.24 0.25 0.10 0.15 0.10 0.10 0.70 0.10 0.77 0.10 0.21 0.30 0.90 0.26 0.32 0.10 0.00 0.65 0.21 0.10 0.70 0.80 0.10
R43 0.11 0.16 0.12 0.21 0.24 0.23 0.22 0.24 0.22 0.26 0.30 0.22 0.31 0.25 0.25 0.18 0.29 0.21 0.18 0.00 0.19 0.10 0.51 0.23 0.11
R44 0.40 0.33 0.10 0.35 0.33 0.10 0.72 0.10 0.50 0.28 0.62 0.10 0.38 0.45 0.43 0.59 0.10 0.25 0.26 0.40 0.00 0.50 0.40 0.21 0.40
R45 0.22 0.15 0.10 0.32 0.26 0.12 0.27 0.37 0.10 0.23 0.10 0.10 0.33 0.27 0.33 0.26 0.23 0.31 0.10 0.30 0.31 0.00 0.15 0.25 0.40
R46 0.26 0.13 0.16 0.16 0.19 0.15 0.24 0.27 0.17 0.17 0.20 0.24 0.71 0.25 0.32 0.15 0.22 0.10 0.21 0.42 0.32 0.25 0.00 0.39 0.31
R47 0.23 0.15 0.25 0.10 0.10 0.15 0.25 0.32 0.29 0.24 0.23 0.19 0.30 0.21 0.33 0.22 0.18 0.62 0.13 0.30 0.15 0.26 0.63 0.00 0.22
R48 0.41 0.27 0.27 0.45 0.20 0.23 0.35 0.24 0.10 0.10 0.16 0.21 0.82 0.27 0.20 0.25 0.27 0.32 0.25 0.13 0.13 0.63 0.31 0.23 0.00
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Table 2. Reach ability matrix M.

No. R11 R12 R13 R14 R15 R21 R22 R23 R24 R25 R26 R31 R32 R33 R34 R35 R36 R41 R42 R43 R44 R45 R46 R47 R48

R11 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
R12 1 1 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0
R13 1 0 1 1 0 0 0 1 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0
R14 1 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 1
R15 0 0 1 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
R21 0 0 0 0 0 1 1 0 1 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0
R22 1 0 0 0 0 0 1 0 1 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0
R23 0 0 0 0 0 0 0 1 1 0 0 0 0 1 0 0 0 0 0 0 0 1 0 0 0
R24 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
R25 0 0 0 0 0 0 1 0 0 1 1 0 0 0 0 0 0 0 0 0 1 0 0 0 0
R26 0 0 0 0 0 0 0 0 1 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0
R31 0 0 0 0 0 0 0 1 0 0 0 1 0 1 0 0 0 0 0 0 0 0 0 0 1
R32 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0
R33 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0
R34 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0
R35 0 0 0 0 0 0 0 1 0 0 0 1 0 0 0 1 0 0 0 0 0 0 0 0 0
R36 0 0 0 0 0 0 0 1 0 0 0 1 0 0 0 0 1 0 0 0 0 0 0 0 0
R41 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 1 0 0 0 1 0 0 0
R42 0 0 0 0 0 0 0 0 1 0 1 0 0 0 1 0 0 0 1 1 0 0 1 1 0
R43 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 1 0 0
R44 0 0 0 1 0 0 1 0 1 0 1 0 0 0 0 1 0 0 0 0 1 1 0 0 0
R45 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0
R46 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 1 0 0
R47 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 1 1 0
R48 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 1 0 0 1
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4.3. Analysis of the Critical Schedule Risk Chain Based on Bayesian Network

Due to the interconnected nature of schedule risk factors, they intertwine to form risk
chains. When the state of a particular risk factor changes, it triggers dynamic adjustments
in other risk factors, propagating continuously [30] along the risk chain and ultimately
leading to schedule delays. Accordingly, the Bayesian network model is used to analyze
the state changes in schedule risk factors and predict the probability of final schedule delay
risks. Through diagnostic analysis, sensitivity analysis, and impact strength analysis within
the Bayesian network, critical schedule risk chains are comprehensively identified. By
comparing the probability of schedule delay events before and after disrupting these risk
chains, targeted schedule risk control measures are derived. These measures can disrupt the
occurrence of schedule delays at the source, providing managers with proactive decision
support to take preventive actions in advance.

4.3.1. Network Structure Formation

To employ Bayesian networks for reasoning about the state changes in schedule risk
factors, the primary task is to establish a network topology that precisely represents the
qualitative relationships. Therefore, the risk chain network model constructed earlier
(Figure 4) is transformed into a Bayesian topology, where each node corresponds one-to-
one to individual risk factors, enabling its use for Bayesian network inference analysis, as
illustrated in Figure 5.

Figure 5. Bayesian parameter learning results.

4.3.2. Probability Determination

(1) Prior Probability Determination

To harmonize expert opinions and mitigate individual subjectivity, triangular fuzzy
numbers were applied to calculate node prior probabilities using Equations (12) and (13).
Specific calculation results are summarized in Table 3.
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Table 3. Results of prior probability calculation.

Node Prior Probability

S12 P (S12 = T) = 0.209, P (S12 = F) = 0.791
S25 P (S25 = T) = 0.189, P (S25 = F) = 0.811
S15 P (S15 = T) = 0.243, P (S15 = F) = 0.757
S36 P (S36 = T) = 0.302, P (S36 = F) = 0.698
S42 P (S42 = T) = 0.249, P (S42 = F) = 0.750
S21 P (S21 = T) = 0.173, P (S21 = F) = 0.827

For the computation of node R (schedule delay), experts listed in Table 3 were invited
to assign weights to its parent nodes, with the total weight sum constrained to unity. These
weights were integrated into the probabilistic allocation method for calculation. Given
space constraints, detailed derivations are omitted here.

(2) Conditional Probability Determination

Using node R31 (production quality defects) as an exemplar, conditional probabilities
were calculated based on Equations (7)–(10) and the fuzzy adjacency matrix (Table 4), with
detailed computational outcomes presented in Tables 4 and 5.

Table 4. Calculation results of relevant parameters.

R13-R31 0.63 0.25 0.4727 0.278

R35-R31 0.60 0.39 0.6663 0.392

R36-R31 0.65 0.31 0.5610 0.330

Table 5. Results of conditional probability calculation.

Node Conditional Probability

S31

P (S31 = T|S13 = T, D35 = T, E36 = T) = 0.953
P (S31 = T|S13 = T, D35 = T, E36 = F) = 0.753
P (S31 = T|S13 = T, D35 = F, E36 = T) = 0.657
P (S31 = T|S13 = T, D35 = F, E36 = F) = 0.209
P (S31 = T|S13 = F, D35 = T, E36 = T) = 0.791
P (S31 = T|S13 = F, D35 = T, E36 = F) = 0.343
P (S31 = T|S13 = F, D35 = F, E36 = T) = 0.265
P (S31 = T|S13 = T, D35 = F, E36 = F) = 0.047

The calculated results of each node were entered into GeNIe. Through the compu-
tational analysis of the Bayesian network model, the marginal probability distribution of
each schedule risk factor was obtained, as shown in Figure 5. Further analysis revealed
that the probability of construction schedule risk for this project is 34%.

4.3.3. Comprehensive Analysis

With the schedule delay risk set as the target node, three analyses were conducted
sequentially: First, a sensitivity analysis was performed to investigate the amplifying effect
of its probability disturbance on the risk chain, accurately identifying highly sensitive
risk factors. Second, based on diagnostic analysis, the target node probability was set to
100% as observed evidence to inversely deduce the changes in posterior probabilities of
input variables. Finally, impact strength analysis was introduced to reveal the multi-source
synergistic mechanism of project schedule risks. All analytical data were exported via
the GeNIe platform, and the risk impact degree of each factor was calculated and ranked
according to Equation (14), as shown in Table 6.
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Table 6. Summary of Bayesian network reasoning analysis results.

Risk Sensitivity
Analysis

Impact
Strength
Analysis

Diagnostic
Analysis

Risk Factor
Hazard
Degree

R45 0.0940 0.2228 0.2751 0.5919
R33 0.0940 0.2295 0.2604 0.5839
R44 0.1190 0.3078 0.1405 0.5674
R11 0.0500 0.3271 0.1737 0.5508
R42 0.2570 0.1145 0.1438 0.5153
R24 0.0320 0.2844 0.1732 0.4897
R41 0.1560 0.1161 0.1731 0.4452
R47 0.1600 0.1164 0.1590 0.4354
R26 0.0120 0.2935 0.1148 0.4202
R23 0.1120 0.1043 0.1869 0.4032
R32 0.0270 0.1843 0.1885 0.3998
R34 0.0730 0.1299 0.1939 0.3968
R48 0.0410 0.1998 0.1554 0.3962
R25 0.0410 0.3357 0.0186 0.3953
R43 0.0180 0.2428 0.1337 0.3945
R12 0.1270 0.1943 0.0627 0.3840
R13 0.0860 0.1745 0.1142 0.3747
R36 0.0590 0.2772 0.0372 0.3734
R46 0.0300 0.1613 0.1392 0.3306
R22 0.1000 0.0659 0.1643 0.3302
R21 0.0950 0.1826 0.0404 0.3180
R35 0.0450 0.1349 0.1371 0.3169
R14 0.0740 0.1079 0.1301 0.3120
R31 0.0470 0.0427 0.1802 0.2699
R15 0.0170 0.1378 0.0093 0.1640

The top 15 risk factors ranked by hazard degree were subjected to simulation analysis,
yielding the most probable critical progress risk chains as follows:

(1) Adverse weather (R42) → Poor construction work environment (R47) → Low technical
proficiency of workers (R41) → Inadequate component lifting safety (R33) + Poor
operability of construction techniques (R45) → Project delay (R);

(2) Adverse weather (R42) → Insufficient maintenance of mechanical equipment (R43) →
Disorganized on-site component management (R46) → Unreasonable transportation,
loading/unloading, and stacking (R32) → Project delay (R).

Additionally, risk factors requiring special attention include the following: inexperi-
enced procurement personnel (R25), poor coordination and communication (R44), inaccurate
procurement schedule (R26), quality defects in supplied materials (R23), design changes
(R11), supplier breach of contract (R24), and Untimely supply (R34).

4.4. Research on Blocking Strategies

Timely interruption of risk factors or propagation processes within the schedule
risk chain of prefabricated buildings under the EPC mode, along with controlling risk
transmission, can prevent larger schedule delay events. Therefore, the following mea-
sures are proposed based on the key causative factors and critical schedule risk chains
identified earlier.

4.4.1. Management and Control Measures for Key Causative Risks

For insufficient experience of procurement personnel (R25): The Procurement Depart-
ment needs to establish a structured training system and knowledge base, implement
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standardized procurement operation processes and decision-making checklists, and use
systems to compensate for individual experience gaps.

For poor coordination and communication (R44): Build an information collaboration
matrix based on BIM and project management platforms, clarify information exchange
standards, institutionalize regular and specialized meeting systems, and achieve multi-
party data synchronization and transparent decision-making.

For inaccurate procurement schedules (R26): Adopt the critical path method combined
with buffer management, and implement dynamic rolling plans.

For quality defects in supplied materials (R23): Implement an on-site manufacturing
supervision system and conduct quality witnessing of critical processes.

For design changes: Strengthen preliminary design and multi-party joint drawing
review. Establish a strict change request approval process, where impact assessments
(cost/schedule/technical) are mandatory before issuing change orders.

For supplier breach of contract (R24): Establish a supplier performance evaluation
system and implement tiered management.

For untimely supply (R34): Develop precise transportation plans and site coordination
schemes.

4.4.2. Measures for Blocking the Critical Schedule Risk Chain

Blocking Principles: Blocking is conducted based on the multiplier effect of risk values
and prioritizing urgent risks in transmission paths that are close to schedule delay risk
nodes [31].

Based on chain-breaking theory, chain-breaking simulations were conducted on the
aforementioned two high-risk chains using GeNIe software: after fully intercepting all risk
factors constituting the two risk chains, the probability of schedule delay risk decreased
from 34% (unblocked) to 10%, a reduction of 24%, but with high resource consumption and
when only blocking the three risk factors—“Inadequate component lifting safety (R33)”,
“Poor operability of construction techniques (R45)”, and “Unreasonable transportation,
loading/unloading, and stacking of components (R32)”—the schedule delay probability
dropped to 11%, a 23% reduction. Compared to the full interception scheme, this strategy
has lower resource consumption and similar blocking effectiveness, as shown in Figure 6.

For inadequate component lifting safety (R33): Conduct pre-mobilization annual
inspection of equipment and trial lifting verification before lifting critical components;
ensure operators are certified and receive regular safety briefings, with risks pre-empted
through BIM simulation. During lifting, pause at 300 mm for inspection and resume only
after confirming safety; no standing below is allowed, and approach is permitted only when
components are within 1 m of the ground. Set warning signs, warning lines, and assign
dedicated personnel for supervision. Use a total station and laser positioning instrument
for double verification, control embedded part deviation within ±2 mm; and real-time
monitor equipment status via an intelligent monitoring system, with adjustable slings to
adapt to different component requirements.

For poor operability of construction techniques (R45): promote the “factory pre-
assembly on-site modular installation” mode, develop adaptive grouting systems and
low-support installation technologies, and optimize construction processes through BIM
simulation to reduce on-site complexity. Deploy AR operation instructions and construction
process BIM simulation systems, integrate AI image recognition technology for real-time
monitoring of operation compliance; and establish physical process sample areas to enhance
3D visual clarification effects. Formulate construction process cards and the “three-level
clarification” system, equip with electric construction tools and intelligent measuring instru-
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ments, and achieve full-process traceability of process execution via blockchain evidence
storage platforms.

 
Figure 6. Results of chain-breaking simulation for schedule delay risk.

For unreasonable transportation, loading/unloading, and stacking of components
(R32): In transportation management, precast wall panels are transported vertically, while
composite floor slabs, balcony slabs, and staircases are transported horizontally; use low-
bed trailers with dedicated racks and secure fixation, and confirm concrete strength meets
standards before transport. For stacking specifications, strictly limit stacking layers, align
and pad between layers, stack by specification, type, and lifting sequence in designated
zones, and ensure the storage yard is within the crane’s working range with clear passages.
Site preparation requires transport roads and storage yards to be level, firm, well-drained,
and suitable for large vehicle passage; components are labeled with model, lifting sequence,
and stacking requirements to avoid unloading confusion. Technologically, optimize site
layout through BIM simulation of transport routes and stacking plans, and track component
transport status in real-time via Internet of Things technology to ensure timely delivery.

Additionally, management decision-makers can input schedule risk events observed
throughout the project into the aforementioned Bayesian network as observational evidence
to dynamically predict the probability of schedule delay risk occurrence, enabling timely
measures to ensure successful project completion.

5. Discussion
Although this study conducts a comparative analysis between the proposed hybrid

model and existing methods. Under the EPC mode, the high integration of design, procure-
ment, production, transportation, and construction intensifies the coupling effects among
schedule risk factors in prefabricated buildings [4]. At the same time, the inherent ambi-
guity and uncertainty of risks further increase the difficulty of managing project schedule
delays. Existing methods exhibit clear limitations in addressing different dimensions of
risks: for instance, the N-K model [20] and the coupling degree model [22] mainly focus
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on the coupling among risk factors; the Bayesian network model [14] and Monte Carlo
simulation [32] emphasize capturing the uncertainty of risks; while the Fuzzy Interpretive
Structural Model [33] only analyzes risk correlations, offering a relatively narrow perspec-
tive. In contrast to these traditional single-faceted models, the hybrid model developed in
this study integrates the above multidimensional characteristics, effectively overcoming the
limitations of existing models and thus demonstrating higher accuracy in risk assessment
and prediction.

The “23%” result indicates that after blocking key risk nodes, the overall risk occur-
rence probability is reduced by 23%. In construction practice, close attention should be paid
to key risk nodes. Theoretically, as long as these nodes are not activated, the probability
of final schedule delay risk can be effectively controlled. Engineering applications further
demonstrate that the proposed model can dynamically identify and block risk paths. This
not only provides a useful reference for similar projects but also offers reliable support for
managers in formulating scientific decisions and response strategies.

However, the proposed hybrid model still has certain limitations. Future research
should test its applicability and robustness across more types of projects and explore the
incorporation of real-time data to support dynamic risk assessment. This will further
enhance the model’s practical utility in complex engineering environments.

6. Conclusions
To propose effective management and control strategies for schedule delay risks in

prefabricated buildings under the EPC mode, this study introduces a schedule risk chain
analysis method integrating FISM, BN, and a coupling degree model from the perspective
of risk correlation. The main conclusions are as follows:

(1) Using the literature research method, 25 schedule risk factors for prefabricated con-
struction under the EPC model were objectively and effectively extracted, and an
indicator system was constructed after scientific classification. Considering the inter-
relationships among these schedule risk factors, the FISM was applied to theoretically
analyze the correlation effects of risk factors, ultimately yielding a network diagram
formed by the interweaving of 46 schedule delay risk chains.

(2) Optimization of the Bayesian network conditional probability calculation process.
Given that the hierarchical network diagram obtained from the FISM only reflects the
mutual influence relationships among schedule risk factors but cannot quantify the
influence intensity, a modified coupling degree model was introduced to quantify the
correlation of risk factors using a fuzzy correlation matrix. To address the difficulty
of weighting due to the large number of Bayesian network nodes, the coupling
strength of risk factors was innovatively transformed into the influence weight of
parent nodes on child nodes, calculated using the probability allocation method. This
reduces the number of expert decisions, lowers error rates, and significantly improves
computational efficiency and accuracy.

(3) Based on the Bayesian network model, simulation analysis was conducted on the top
15 schedule risk factors by hazard degree, identifying two critical transmission paths
and other potential key causal factors. For the critical transmission paths, simulations
were carried out using the GeNIe platform to locate key blocking nodes, reducing
the probability of schedule delay risk by 23%, avoiding the resource consumption
of full-node blocking, and effectively improving engineering profits. For key causal
factors, targeted control measures were formulated to block risk transmission and
prevent schedule delays.
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