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Abstract

Intelligent cost control in engineering, procurement, and construction (EPC) projects de-
pends on the continuous transmission, updating, warning, correction, and reuse of cost
data across multiple project stages. To analyse the resilience of this process, this study
constructs an EPC project cost-data transmission network using complex network theory
and Monte Carlo simulation. Eighteen core nodes and 27 directed weighted edges are
identified according to EPC cost-management logic and expert evaluation. Node im-
portance is analysed using weighted degree centrality, betweenness centrality, and Pag-
eRank, while network efficiency is used to evaluate cost-data reachability and transmis-
sion-path efficiency. Node failure, edge-weight perturbation, random edge failure, ran-
dom failure and targeted attack, feedback enhancement, critical-node failure-recovery,
and robustness checks are then conducted. The results show that Dynamic cost, Cost de-
viation warning, and Historical cost database are the three most critical nodes. Their fail-
ures reduce network efficiency by 44.54%, 37.43%, and 45.27%, respectively. Random edge
failure has a stronger effect on network efficiency than edge-weight perturbation; when
the edge failure probability increases from 5% to 20%, the average efficiency loss rate rises
from 10.54% to 37.30%. Feedback-link enhancement increases network efficiency from
0.1858 to 0.2009 and produces a larger improvement than forward-link enhancement and
random seven-edge enhancement. Robustness checks under alternative network assump-
tions indicate the relative stability of the critical-node identification results within the pro-
posed network structure. The findings provide a scenario-based network perspective for
identifying structurally critical nodes, vulnerable transmission links, and feedback-im-
provement priorities in EPC cost-data transmission. They also offer a methodological ba-
sis for future project-level calibration using BIM/5D BIM records, procurement data, cost-
management platform logs, and settlement audit data.

Keywords: EPC project; cost-data transmission; complex network; Monte Carlo
simulation; network-efficiency resilience; intelligent cost control

1. Introduction

The engineering, procurement, and construction (EPC) delivery mode integrates de-
sign, procurement, and construction within a unified project organization, which facili-
tates the coordination and use of project resources throughout the project life cycle.
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Compared with traditional phase-based project management, cost formation in EPC pro-
jects depends more heavily on the continuous exchange of data among multiple stages,
participants, and information systems. Data related to target cost, design estimates, con-
struction drawing budgets, BIM-based quantities, procurement bills of quantities, sup-
plier quotations, contract prices, progress measurement, variation orders, claims, progress
payments, and settlement audits are often generated at different stages and recorded or
used by different management entities. If these data are not transmitted in a timely and
accurate manner, dynamic cost analysis, deviation warning, and corrective feedback can-
not function effectively, and cost control may remain limited to post-event accounting and
result-based statistics.

The application of BIM, 5D BIM cost management, project management platforms,
and digital collaboration systems has promoted the transformation of project cost man-
agement from static accounting to process tracking, dynamic adjustment, and data-driven
control [1]. Existing studies have discussed BIM-based cost estimation [2], digital tools for
construction cost management [3], BIM-based solutions for construction management
challenges [4], pre-tender cost estimation [5], and 5D BIM for cost estimation, cost control,
and payments [6], thereby providing an important research basis for intelligent cost con-
trol in EPC projects. A recent review of 5D BIM further indicates that cost management
research has increasingly focused on cost-tool integration, implementation challenges,
standardization, and interoperability [7]. Digital twin research has also shown that con-
struction project management can benefit from the integration of physical project pro-
cesses and digital information models [8]. A BIM—data mining integrated digital twin
framework further demonstrates the value of real-time data capture, process monitoring,
and closed-loop decision support in project management [9]. Accountable information
sharing has also been examined through an integrated digital twin and blockchain frame-
work, which highlights the importance of traceable data exchange among project partici-
pants [10]. Technologies for construction digital twins further support the integration of
sensing, modelling, data processing, and decision-making in digital project environments
[11]. From the perspective of construction data governance, recent research shows that
data governance capabilities can support project organization resilience by improving
data standards, data-quality control, and responsibility allocation [12]. These studies sug-
gest that digital technologies can improve the efficiency of quantity extraction, cost esti-
mation, contract management, payment management, and process control, while also en-
hancing information sharing among multiple stakeholders.

Cost data transmission in EPC projects exhibits clear network characteristics. Target
cost affects design limits, quantity formation, and procurement planning, while supplier
quotations and contract prices feed back into dynamic cost. Progress measurement, re-
source consumption, variation orders, and claims are continuously incorporated into cost
accounting, whereas settlement audit results and deviation causes are accumulated as his-
torical cost experience and then used to support target cost preparation and procurement
price judgment in subsequent projects. Cost deviation is also not a static numerical result.
It must pass through dynamic cost monitoring, deviation warning, responsibility tracing,
corrective actions, and effectiveness feedback before it can be translated into actual man-
agement actions. This indicates that cost data transmission in EPC projects is closer to a
directed network composed of multiple data nodes and transmission relationships than
to a one-way chain process.

Existing research has not yet provided a sufficient explanation of cost data transmis-
sion in EPC projects. Some studies emphasize the value of 5D BIM platforms in cost esti-
mation, cost control, and payment management [6], but the transmission structure among
target cost, quantities, procurement prices, variation orders, payment settlement, and his-
torical experience remains underexplored. Many studies on cost management focus more
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on early-stage cost prediction [13], cost-overrun risk prediction [14], cost-overrun factor
evaluation [15], conceptual cost-estimation risk [16], and construction cost index forecast-
ing [17], while relatively few examine the network structure of critical cost data nodes and
key transmission links. In actual project operation, data delay, interface interruption, pro-
cess breakpoints, data quality fluctuation, and insufficient management feedback may all
interfere with cost data transmission. Research on network resilience under such disturb-
ances remains limited. These gaps make it difficult for project managers to determine
which data nodes are most critical, which transmission relationships are most vulnerable,
and how feedback-link optimization can improve intelligent cost control.

Complex network theory provides an alternative analytical perspective for EPC pro-
ject cost data transmission [18]. It can abstract data objects, business activities, and trans-
mission relationships in project management into nodes and edges, and then identify crit-
ical nodes [19,20], vulnerable structures [21], and recovery characteristics using centrality
metrics [22,23], network efficiency, robustness analysis, and failure-recovery analysis.
Compared with linear process analysis, complex network analysis can describe not only
the forward transmission of cost data but also feedback relationships such as deviation
warning, corrective actions, and historical experience reuse. When combined with Monte
Carlo simulation, it can further simulate edge-weight perturbation, random edge failure,
and feedback enhancement scenarios, thereby examining the stability and resilience of the
cost data transmission network under uncertain disturbances [24-26]. In this way, EPC
cost data transmission can be transformed from a qualitative process description into a
computable, comparable, and simulatable network analysis problem.

To address these research gaps, this study develops a directed weighted network
framework for analysing the resilience of EPC project cost-data transmission. In this
framework, key cost-related data objects and management activities are represented as
network nodes, and the direct transmission relationships among them are represented as
directed weighted edges. The framework integrates the main stages of EPC cost manage-
ment, including target cost formation, design budgeting, quantity extraction, procure-
ment pricing, contract pricing, construction process cost accumulation, variation and
claim management, dynamic cost monitoring, payment settlement, and historical cost ex-
perience reuse.

The study focuses on four closely related issues. First, it examines how EPC project
cost-data transmission can be represented as a directed weighted network based on cost-
management processes and expert judgement. Second, it identifies the nodes that play
critical structural roles in the cost-data transmission network. Third, it analyses changes
in network-efficiency resilience under node failure, edge-weight perturbation, random
edge failure, and targeted attack scenarios. Fourth, it evaluates how feedback-link en-
hancement can improve the functional retention and recovery capacity of the cost-data
transmission network.

To conduct the analysis, this study first identifies 18 core nodes and 27 directed edges
according to EPC cost-management logic and expert evaluation. Edge weights are deter-
mined through expert scoring and normalization. Weighted degree centrality, between-
ness centrality, and PageRank are then used to evaluate node importance. Network effi-
ciency is adopted to describe the structural reachability and transmission-path efficiency
of cost data among nodes. Monte Carlo simulation, node failure simulation, random fail-
ure and targeted attack analysis, feedback enhancement analysis, and critical-node fail-
ure-recovery simulation are further conducted to examine the disturbance response and
recovery behaviour of the network.

This study makes three main contributions. First, it provides a network-based repre-
sentation of EPC cost-data transmission that links forward data transmission, dynamic
cost control, settlement feedback, and historical experience reuse. Second, it identifies
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structurally critical nodes and feedback relationships that affect the continuity of cost-data
transmission. Third, it proposes a simulation-based approach for evaluating the network-
efficiency resilience of EPC cost-data transmission under different disturbance and recov-
ery scenarios. The results provide a basis for understanding the structural vulnerability of
EPC cost-data transmission and for improving feedback-oriented cost-control mecha-
nisms.

2. Construction of the EPC Cost-Data Transmission Network

Intelligent cost control in EPC projects should not be understood as a data-processing
task within a single management activity. It depends more on the continuous transmis-
sion and feedback of data related to target cost, design outputs, quantities, procurement
prices, construction processes, variation orders, payment settlement, and historical expe-
rience. Compared with the relatively linear document flow in traditional cost manage-
ment, cost data in EPC projects are generated from more dispersed sources, involve more
nodes, and are transmitted through more intersecting paths, often accompanied by clear
feedback relationships. Quantities formed during the design stage affect procurement
bills of quantities and contract prices; procurement prices feed back into dynamic cost;
and resource consumption, variation orders, and claims during construction further
change the project cost status. When dynamic cost deviates from the target cost, cost de-
viation warning and corrective actions in turn influence subsequent cost control. After
project settlement, data related to prices, variations, claims, and settlement differences are
accumulated as historical cost experience and used to support target cost preparation and
procurement price judgment in subsequent projects.

Based on these characteristics, this study abstracts the cost data transmission process
in EPC projects as a directed weighted network. Network nodes represent cost data ob-
jects or cost management activities, edges represent data transmission relationships be-
tween nodes, and edge weights are used to describe the strength or reliability of data
transmission. In this way, EPC project cost data transmission is transformed from a pro-
cess description into a computable network structure, which can then be used for node
importance identification, network efficiency analysis, and disturbance simulation.

2.1. Cost Data Transmission Logic

Cost data transmission in EPC projects mainly includes two types of paths: forward
transmission and feedback transmission. Forward transmission describes the gradual
flow of cost data from target cost formation to the design, procurement, construction, and
settlement stages. Target cost is decomposed into different work units and cost items
through the WBS-CBS coding system, thereby constraining design estimates, construction
drawing budgets, and quantity data. Design outputs are converted into BIM-based quan-
tities and procurement bills of quantities. The procurement bill of quantities drives sup-
plier quotation, and the quotation results form the contract price, which is then fed back
into the dynamic cost management process. Progress measurement, resource consump-
tion, variation orders, and claims during construction are also continuously incorporated
into dynamic cost accounting and cost deviation identification.

Feedback transmission focuses on the reverse effect of cost data in deviation warning,
corrective actions, and experience reuse. When a deviation occurs between dynamic cost
and target cost, the cost deviation warning node identifies the abnormal state and triggers
corrective actions. The implementation results of corrective actions return to the dynamic
cost node, forming a closed loop of cost control. Meanwhile, data generated from settle-
ment audits, deviation causes, and corrective processes are accumulated in the historical
cost database and then used to support target cost preparation and procurement quota-
tion judgment in subsequent projects. Therefore, cost data transmission in EPC projects
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exhibits the characteristics of a complex network that integrates forward transmission,
process convergence, and feedback reuse.

2.2. Network Node Definition

According to the process of intelligent cost control in EPC projects, this study selects
18 core nodes to construct the cost data transmission network. The selection of nodes fol-
lows the logic of cost-data generation, transmission, application, warning, correction, set-
tlement, and experience reuse in EPC projects. Three criteria were used to identify the core
nodes. First, a node should represent a cost-related data object or management activity
that directly participates in cost formation, cost updating, cost monitoring, or cost feed-
back. Second, a node should have clear upstream or downstream data relationships with
other nodes in the EPC cost-control process. Third, the node should be sufficiently general
to appear in typical EPC project cost-management practice, rather than being limited to a
specific project, organization, or software platform.

Accordingly, this study selected 18 core nodes covering seven functional categories:
cost baseline, design and quantity, procurement and contract, construction and change,
dynamic control, payment and settlement, and knowledge feedback. These nodes repre-
sent the main cost-data objects and management activities through which EPC project
costs are generated, transmitted, updated, checked, settled, and reused. Elements such as
approval procedures, owner instructions, contract management systems, and data quality
review are important for cost-data governance, but they are treated in this study as man-
agement conditions or mechanisms that affect transmission relationships and edge
weights. They are therefore reflected through the strength, reliability, and business impact
of the corresponding edges, rather than being defined as independent cost-data nodes in
the baseline network. The definitions of the core nodes are shown in Table 1.

Table 1. Core node definitions of the EPC project cost data transmission network.

Node ID Node Name Category Description
Overall cost control benchmark formed in the early stage of an EPC project, in-
V1 Target cost Cost baseline .. . y stag Pl
cluding investment estimates, target cost, and cost control objectives.
Coding relationship between the work breakdown structure and the cost break-
V2 WBS-CBS coding Cost baseline J P
down structure.
Cost estimation data generated during the design stage, such as design estimates
V3 Design budget Design and quantity 8 '8 '8 & &
and construction drawing budgets.
V4 BIM quantities Design and quantity Quantity data extracted from BIM models or design outputs.
Procurement bill of quantities used for tendering, contract formation, and price
V5 Procurement BOQ Procurement and contract ! . & P
comparison.
uotation information for materials, equipment, and subcontracted works pro-
V6 Supplier quotation Procurement and contract Q qHip P

vided by suppliers or subcontractors.

Price data formed after procurement contracts or subcontract agreements are es-

v7 Contract price Procurement and contract .
P tablished.
uantity and cost changes caused by design modifications or design adjust-

V8 Design change Design and quantity Q y 8 y & gnad

ments.

Progress measure-
V9 & ¢ Construction and change Data on completed quantities and progress measurement during construction.
men
Resource consump-
V10 i P Construction and change On-site consumption data related to labor, materials, machinery, and equipment.
ion
Cost data generated from on-site variation confirmation, supplementary pricing,
Vi1 Variation order Construction and change 8 . PP yP &
and related adjustments.
Cost data caused by changes in contract boundaries, schedule delays, or cost

V12 Claim event Construction and change y 8 . Y

claims.
V13 Dynamic cost Dynamic control Real-time or staged cost status during project implementation.

Data related to progress payment review, payment approval, and fund disburse-

Vi4 Progress payment Payment and settlement progress pay f Y PP

ment.

Data related to project settlement review, settlement differences, and final cost

V15 Settlement audit Payment and settlement pro)

confirmation.
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Vie

Cost deviation
warning

Warning information generated when deviations occur between target cost and

Dynamic control
actual cost.

V17

Corrective action

Records of responsibility allocation, measure implementation, and adjustment ac-

Dynamic control . X L
tions taken in response to cost deviations.

V18

Historical cost data-

base

Historical experience data related to procurement prices, variation causes, dis-

Knowledge feedback o K . .
putes over site instructions, claim events, and settlement differences.

The nodes in Table 1 are not arranged simply according to project stages. Instead,
they are abstracted according to the actual flow of cost data in EPC projects. Dynamic cost
is the core status node formed after multiple types of process data converge. Cost devia-
tion warning and corrective action represent the feedback mechanism of cost control,
while the historical cost database reflects the supporting role of project experience in sub-
sequent cost management.

2.3. Network Edge Relationships and Edge Weight Determination

After defining the nodes, this study further constructs the cost data transmission
edges. When the data of one node can be directly transmitted to, influence, or feed back
to another node, a directed edge is established between the two nodes. The direction of an
edge represents the direction of cost data transmission, while the edge weight represents
the relative strength of different transmission relationships. The edge weights used in this
study do not directly represent the interface connectivity rate or platform log transmission
frequency of a specific project. Rather, they describe the business dependency, data trans-
mission directness, and process correlation between nodes under the baseline scenario.

To determine the edge weights, the transmission edges were first identified accord-
ing to EPC cost-management processes and the business dependencies among the nodes.
A directed edge was included when the relationship between two nodes satisfied three
conditions: the upstream node provides cost-related data or management information to
the downstream node; the transmission direction can be clearly identified from the cost-
control process; and the relationship is sufficiently general to appear in typical EPC cost-
management practice. Indirect, occasional, or highly project-specific relationships were
not included as independent edges in the baseline network.

An expert-based scoring procedure was then used to evaluate the relative strength
of the 27 directed transmission edges. Eight experts were invited to participate in the eval-
uation. The experts were selected according to three criteria: first, they had more than ten
years of experience in EPC project management, engineering cost management, design
cost estimation, procurement pricing, contract management, digital construction, or con-
struction management research; second, they had direct experience with cost-data gener-
ation, transmission, review, or decision-making; and third, they were familiar with the
cost-control process of EPC projects. The expert panel covered the major professional per-
spectives involved in EPC cost-data transmission, including owner-side investment con-
trol, cost consulting, design cost estimation, construction contract management, academic
research, bidding and procurement, digital engineering, and whole-process cost manage-
ment. The composition of the expert panel is shown in Table 2.

Table 2. Expert panel composition for edge-weight evaluation.

Expert

Organization Type Position Professional Field Relevant Experience

El

Large state-owned construction

group

Engineering cost management and project invest-

Chief economist
ment control

20+ years

E2

Class-A cost consulting company Senior consultant

EPC cost consulting and contract clause manage-
¢ 15+ years
men

E3

Large design institute Chief cost engineer

Design estimates, quota-based design, and quan-

. . 15+ years
tity extraction

E4

Construction general contractor

Commercial contract man- Construction cost management, variations and

. - 12+ years
ager claims, and progress payment application
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E5

University, School of Engineering Professor and doctoral su- Construction project management, cost risk, and
Management pervisor resilience

15+ years

E6

Provincial bidding and tendering

2. Full-time expert
association

ysis

Engineering bidding and procurement price anal-

10+ years

E7

Construction digitalization and BIM5D cost man-

Engineering technology company Director of digital business agement

10+ years

E8

. Whole-process target cost management and dy-
Large real-estate developer Cost director 3 . 8 . g Y
namic cost monitoring

15+ years

The scoring was conducted using a structured questionnaire. Each expert inde-

pendently evaluated the 27 directed transmission edges from four dimensions: data de-

pendency strength, transmission frequency, business impact, and data reliability. Each

dimension was scored on a five-point scale, where 1 indicated a very weak relationship

and 5 indicated a very strong relationship. For each edge, the four-dimensional scores

given by an expert were averaged to obtain the expert’s comprehensive score for that

edge. The mean comprehensive score across the eight experts was then calculated and

normalized to obtain the initial edge weight.

The coefficient of variation was used to examine the dispersion of expert scores. In

this study, a coefficient of variation below 0.20 was considered acceptable for the explor-

atory construction of the cost-data transmission network. The coefficients of variation for

all 27 edges ranged from 0.07 to 0.15, indicating that the expert evaluations were relatively

consistent. The normalization method divided the mean comprehensive score by 5, corre-

sponding to the upper bound of the five-point scale. This linear normalization maps ex-

pert scores into the interval [0,1], where larger values indicate stronger, more direct, and

more reliable cost-data transmission relationships. The robustness of the results under al-

ternative weight assumptions is further examined in the robustness analysis.

s gt (k)

S(k)
dep’ “freq’ “impact’

and rel

For formal expression, let

denote the scores assigned

by the k-th expert for data dependency strength, transmission frequency, business im-

pact, and data reliability, respectively. The comprehensive score of edge e assigned by

the k-th expert is calculated as:

(k) (k) (K)
S(k) _ Sdep + Sfreq + Simpact
o =

4

+5%

rel

where S is the comprehensive score assigned to edge eby the k-th expert;

S

impact’ rel
frequency, business impact, and data reliability, respectively.

The mean comprehensive score of each edge is calculated as:

1
d k
S = E:gem
k=1

D

k) o)
Sdepf Sfreq’

and S&) denote the expert’s scores for data dependency strength, transmission

)

where K is the number of experts participating in the scoring process. To keep edge

weights within the range of 0-1, the mean score is normalized as follows:

®)

To examine the stability of expert scoring, the coefficient of variation CV is used to

measure score dispersion:
Ge
CI/e = =
Se

(4)

where g, is the standard deviation of expert comprehensive scores for edge e. The com-

prehensive score mean reported in Table 3 refers to S,.

Table 3. Edge-weight determination results for cost data transmission.

Edge ID Transmission Edge Mean Score S, CvV Initial Weight w,

E1l V1-V2 4.40 0.07

0.88
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E2
E3
E4
E5
E6
E7
E8
E9
E10
E11
E12
E13
E14
E15
El6
E17
E18
E19
E20
E21
E22
E23
E24
E25
E26
E27

V1-V3 4.25 0.08 0.85
V2-V5 3.90 0.10 0.78
V3—-V4 4.10 0.09 0.82
V4—-V5 4.00 0.09 0.80
V5—-V6 3.80 0.11 0.76
V6—-V7 4.20 0.08 0.84
V7—-V13 3.95 0.10 0.79
V8—V4 3.90 0.10 0.78
V8—-V5 3.70 0.12 0.74
V8—V7 3.60 0.13 0.72
V8—-V13 4.15 0.09 0.83
V9-V13 4.05 0.09 0.81
V10—-V13 3.85 0.11 0.77
V11-V13 3.75 0.12 0.75
V12—-V13 3.50 0.14 0.70
V13—-V1e6 4.30 0.08 0.86
V16—V17 3.70 0.12 0.74
V17—-V13 3.40 0.15 0.68
Vo—-V14 3.90 0.10 0.78
V14—V15 4.10 0.09 0.82
V11-V15 3.80 0.11 0.76
V12—-V15 3.65 0.13 0.73
V15—-V18 4.00 0.10 0.80
V16—V18 3.55 0.13 0.71
V18—V1 3.50 0.14 0.70
V18—V6 3.45 0.15 0.69

Table 3 shows that the initial edge weights are mainly distributed between 0.68 and
0.88. Direct business links, such as target cost decomposition, contract price formation,
and the triggering of cost deviation warning by dynamic cost, have relatively high weights.
By contrast, feedback-oriented links, such as corrective action feedback, deviation cause
accumulation, and historical experience reuse, have slightly lower weights. This suggests
that forward business links usually have stronger data dependency and transmission sta-
bility, whereas feedback links are more likely to be affected by management closure, ex-
perience accumulation, and cross-departmental coordination conditions.

2.4. Cost Data Transmission Network Structure

Based on Tables 1 and 3, a directed weighted network of EPC project cost data trans-
mission is constructed, as shown in Figure 1. In the figure, nodes represent cost data ob-
jects or business activities, and node size is used to assist visualization according to the
node importance results calculated later. Solid lines represent the main cost data trans-
mission paths, while dashed lines represent feedback links. Different background regions
correspond to different stages of cost data transmission, including cost baseline, design
and quantities, procurement and contract, construction and change, dynamic control, pay-
ment and settlement, and knowledge feedback.
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—— Feedback links
—— Main transmission links

EPC Cost Data Transmission Network

Design and quantity

Procurement and contract

Dynamic control

"""""" Knowledge feedback
~~.

~
<A
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Figure 1. EPC project cost data transmission network structure.

Figure 1 shows that the EPC project cost data transmission network contains both
forward transmission and feedback coupling. The forward transmission path mainly in-
cludes target cost, design budget, BIM quantities, procurement BOQ, supplier quotation,
contract price, progress measurement, resource consumption, variation order, and claim
event. This path continuously transmits cost data generated at different stages to the dy-
namic cost node. The feedback path mainly includes dynamic cost, cost deviation warn-
ing, corrective action, settlement audit, and historical cost database. This path transmits
cost deviations, settlement differences, and historical experience back to target cost prep-
aration, procurement quotation judgment, and subsequent cost control processes.

From the network structure, Dynamic cost lies at the intersection of multiple trans-
mission paths and serves as the core node where procurement, construction, variation,
and claim data converge. Cost deviation warning connects Dynamic cost with Corrective
action and plays a role in transforming cost monitoring into management response. His-
torical cost database is located at the end of the feedback chain and also connects back to
Target cost and Supplier quotation, reflecting the support provided by historical experi-
ence for front-end cost decision-making. This structure indicates that the cost data trans-
mission capability of EPC projects is affected not only by the completeness of front-end
data but also by whether dynamic cost monitoring, deviation warning, corrective feed-
back, and experience reuse can form a closed loop.

The directed weighted network constructed in this section provides the basis for sub-
sequent complex network analysis and simulation. Based on this network structure, the
following sections calculate node centrality, comprehensive node importance, and net-
work efficiency, and set up simulation scenarios including node failure, edge-weight per-
turbation, random edge failure, random failure and targeted attack, feedback enhance-
ment, and critical-node failure-recovery. These analyses are used to examine the critical
nodes, disturbance resistance, and resilience characteristics of the EPC project cost data
transmission network.
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https://doi.org/10.3390/buildings16132527

Buildings 2026, 16, 2527

10 of 37

3. Network Analysis and Simulation Methods

After constructing the EPC project cost data transmission network, it is necessary to
further quantify its structural characteristics, disturbance resistance, and failure-recovery
behavior. This study analyzes the network from the perspectives of node importance, net-
work efficiency, node failure, edge-weight perturbation, random edge failure, random
failure versus targeted attack, feedback enhancement, and critical-node failure-recovery.
Node importance analysis is used to identify critical nodes in the cost data transmission
network, while network efficiency is used to characterize the overall transmission capa-
bility of cost data. Node failure simulation examines changes in network efficiency after
the interruption of critical nodes. Edge-weight perturbation simulation tests whether the
network remains stable when transmission strength fluctuates, whereas random edge fail-
ure simulation represents the impact of interface interruption or process breakpoints on
network function. The comparison between random failure and targeted attack reflects
differences in functional retention under random failures of ordinary nodes and succes-
sive failures of high-importance nodes. The feedback enhancement scenario focuses on
changes in network efficiency after strengthening the links related to cost warning, cor-
rective feedback, and experience reuse. Finally, the critical-node failure-recovery simula-
tion examines the recovery process of network efficiency after critical nodes are restored,
thereby characterizing the resilience of the cost data transmission network.

3.1. Directed Weighted Network Model

Let the EPC project cost data transmission network be represented as:

G=V,EW) ©)
where V = {v;,v,,--- ,v,} denotes the node set, representing cost data objects or business
activities in EPC projects; E = {ey, e,,--- , e,,} denotes the directed edge set, representing

direct cost data transmission relationships between nodes; and W = (w;;),x, denotes the
edge-weight matrix, representing the transmission strength or reliability of cost data from
node v; tonode v;.

The adjacency matrix is defined as:

A= (aij)nxn (6)

where

_ (1, if a cost data transmission relationship exists from v; to v;
%ij = {0, otherwise )
If a;; = 1, the edge weight is set as w;; € (0,1]. A larger edge weight indicates that
the transmission relationship is more stable and direct, and that cost data are more reliably

transmitted along the corresponding path. If a;; = 0, then w;; = 0.
Because this study focuses on data transmission efficiency, a larger edge weight in-
dicates lower transmission resistance. To calculate the shortest transmission paths, the

edge weight is converted into path distance as follows:
1
d.:=—
T (8)
where d;; denotes the transmission distance from node v; to node v;. A larger edge
weight corresponds to a shorter transmission distance, indicating smoother data trans-

mission.

3.2. Node Centrality Metrics

Node centrality is used to identify critical nodes in the cost data transmission net-
work. Since a single centrality metric cannot fully capture the role of a node, this study
selects weighted degree centrality, betweenness centrality, and PageRank to evaluate
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node importance from three perspectives: local connectivity, intermediary control, and
global influence.

3.2.1. Weighted Degree Centrality

Weighted out-degree reflects a node’s ability to transmit cost data to other nodes, and
is defined as:

n
D iout = Z wij (9)
j=1
Weighted in-degree reflects a node’s ability to receive cost data from other nodes,
and is defined as:
n
Di" = Z wj; (10)
j=1

The weighted total degree is then defined as:
D; = D" + D" (11)

A larger weighted total degree indicates that the node has closer data transmission
connections with other nodes and stronger local connectivity in the network.

3.2.2. Betweenness Centrality

Betweenness centrality measures the extent to which a node lies on the shortest trans-
mission paths between other nodes. It is defined as:
ose (1)

BC, =
: Ot (12)

s#i#t
where oy, denotes the number of shortest paths from node s to node t, and oy (i) de-
notes the number of those shortest paths that pass through node i. A higher betweenness
centrality indicates that the node is more likely to occupy an intermediary position in cost
data transmission. Once such a node fails, it may have a greater impact on network trans-
mission paths.

3.2.3. PageRank

PageRank is used to measure the global influence of nodes in a directed network. In
the EPC project cost data transmission network, the importance of a node depends not
only on the number of its direct connections but also on whether its upstream nodes are
important. Since the network in this study is directed and weighted, edge weights are
incorporated into the PageRank calculation:

_1-d Wi

PR; = +d ~—>—PR;
Lo Yieo, Wik (13)

jeM;

where PR; denotes the PageRank value of node i; d is the damping factor, commonly
set to 0.85; M; denotes the set of upstream nodes pointing to node i; 0; denotes the set
of downstream nodes of node j; and wj; denotes the edge weight from node j to node
i. A higher PageRank value indicates stronger global influence in the cost data transmis-
sion network.

3.3. Comprehensive Node Importance

Different centrality metrics have different dimensions and value ranges, so they must
first be normalized. Let the original value of a given centrality metric be x;. Its normalized
value is calculated as:
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x; —min (x)

%= Thax (x) — min (x) (14)
Based on this normalization, the comprehensive node importance is defined as:
I; = aD, + BBC, + yPR, (15)

where I; denotes the comprehensive importance of node i; D,, BC,, and PR, denote the
normalized weighted total degree, betweenness centrality, and PageRank value, respec-
tively;and a, f,and y are weight coefficients. To avoid overemphasizing any single cen-
trality metric, equal weights are adopted:

1
a:ﬂ:y:§ (16)

A larger comprehensive node importance value indicates that the node plays a
stronger role in network connectivity, intermediary transmission, and global influence.
The critical nodes in the EPC project cost data transmission network are identified based
on this index.

3.4. Network Efficiency

Network efficiency measures how smoothly cost data are transmitted throughout the
network. For a directed weighted network, the shortest transmission distance from node
itonode j is denoted by d;;. Network efficiency is defined as:

E(G) = 1 1
©=2a-1n/ @ (17)

i#j

where n is the number of network nodes. If node i cannot reach node j, the efficiency
contribution of this node pair is recorded as 0. A higher network efficiency indicates that
cost data can be transmitted through shorter paths, and that the overall transmission ca-
pability of the network is stronger.

In this study, network efficiency is used not only to measure the transmission capa-
bility of the baseline network, but also to evaluate network performance under node fail-
ure, edge-weight perturbation, random edge failure, feedback enhancement, random fail-
ure versus targeted attack, and critical-node failure-recovery scenarios.

3.5. Node Failure Simulation

Node failure simulation is used to analyze the impact of critical cost data node inter-
ruption on network transmission efficiency. For each node v;, the node and its associated
edges are removed from the baseline network G, resulting in the failed network G_;. Net-
work efficiency is then recalculated.

The network efficiency loss rate caused by the failure of node v; is defined as:

_E@) -E@G.)
L E(G)
where L; denotes the network efficiency loss rate caused by the failure of node v;; E(G)

X 100% (18)

denotes the baseline network efficiency; and E(G_;) denotes the network efficiency after
removing node v;. A larger L; indicates that the node failure has a more significant im-
pact on the cost data transmission network.

To avoid overestimating average efficiency due to the reduction in network size after
node removal, this study calculates network efficiency using the fixed original node size
in the node failure simulation. Specifically, after node v; is removed, all paths related to
this node are regarded as unreachable, and their efficiency contribution is recorded as 0.
Network efficiency is still calculated using the original number of nodes n as the denom-
inator. This treatment better reflects the simulation meaning that the failure of a business
node reduces the transmission capability of the original system.
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3.6. Method for Monte Carlo Edge-Weight Perturbation Simulation

In actual EPC projects, cost data transmission is not completely stable. Data entry
delays, unstable system interfaces, changes in interdepartmental coordination efficiency,
and data quality fluctuations may all change the reliability of transmission relationships.
To simulate general fluctuations in transmission reliability, this study uses Monte Carlo
simulation to randomly perturb network edge weights.

Let the perturbed edge weight of edge v; — v; in the r-th simulation be:

Wl-(jr) = min {1, max [0, wi;(1+ r]l-]-)]} (19)
where
nij ~ U(=6,0) (20)

In the above equations, 7;; is the random perturbation term, and 6 is the perturba-
tion amplitude. To ensure that the perturbed edge weight remains within the range of 0
1, interval clipping is applied. If the perturbed weight is greater than 1, it is set to 1; if it is
less than 0, it is set to 0. This study sets 6 to 10%, 20%, and 30%, representing low, me-
dium, and high levels of transmission reliability fluctuation, respectively. Under each per-
turbation scenario, 1000 simulations are repeated, and the mean, standard deviation, min-
imum value, maximum value, and average efficiency loss rate of network efficiency are

calculated.
The average efficiency loss rate under edge-weight perturbation is defined as:
EG) —Ey
AEq = “EG) x 100% (21)

where E, denotes the average network efficiency from 1000 simulations when the per-
turbation amplitude is 6. This indicator measures the impact of random transmission re-
liability fluctuations on overall network efficiency.

3.7. Method for Random Edge Failure Simulation

Edge-weight perturbation simulation mainly reflects continuous changes in data
transmission reliability. In actual engineering management, however, more severe trans-
mission interruptions may occur. For example, system interfaces may not be connected,
approval processes may be interrupted, data may not be transmitted in time, or key busi-
ness activities may be missing. These situations may cause certain data transmission edges
to fail. To simulate this type of scenario, this study further conducts random edge failure
simulation.

Assume that each edge fails with probability p. The edge weight in the r-th simula-
tion is defined as:

(22)

@ _ { 0, if edge v; — v; fails
wi’ =

w;;, if edge v; — v; remains normal
This study sets the edge failure probability p to 5%, 10%, and 20%, representing
mild, moderate, and relatively high levels of data transmission breakpoints, respectively.
Under each scenario, 1000 simulations are repeated, and the distribution of network effi-
ciency is calculated.
The average efficiency loss rate under random edge failure is defined as:
E(G)-E
AE, = —p o @) P
where E,, denotes the average network efficiency from 1000 simulations when the edge

x 100% (23)

failure probability is p. This indicator is used to evaluate the impact of data transmission
link interruption on the network’s functional retention capability.
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3.8. Scenario Parameter Settings

The disturbance parameters used in the simulations were defined as scenario levels
to compare the network response under different degrees of transmission uncertainty. For
edge-weight perturbation, the amplitudes of +10%, £20%, and +30% were used to repre-
sent low, medium, and high fluctuations in the strength of cost-data transmission rela-
tionships. These fluctuations correspond to common management situations such as tem-
porary delays in data entry, unstable coordination between departments, differences in
data completeness, and changes in the reliability of system interfaces.

For random edge failure, the probabilities of 5%, 10%, and 20% were used to repre-
sent mild, moderate, and relatively severe transmission breakpoints. In EPC cost manage-
ment, such breakpoints may be caused by missing data interfaces, interrupted approval
or reporting procedures, delayed transmission of procurement or settlement information,
or incomplete feedback of variation and claim data. The purpose of using these three prob-
ability levels is to compare the functional retention capability of the network under pro-
gressively stronger link-interruption scenarios.

The feedback enhancement scenario was designed according to the closed-loop logic
of dynamic cost control. The selected enhancement links are related to cost deviation
warning, corrective action feedback, settlement experience accumulation, and historical
cost reuse. These links were selected because they connect cost monitoring, management
response, cost updating, and subsequent decision support. Therefore, the scenario focuses
on feedback-oriented improvement rather than uniform strengthening of all transmission
relationships. The results of this scenario are interpreted as changes in network-efficiency
resilience under specified enhancement assumptions.

3.9. Robustness Simulation Under Random Failure and Targeted Attack

To further analyze the functional retention capability of the cost data transmission
network under continuous node failures, this study sets up two node removal scenarios:
random failure and targeted attack. The random failure scenario is used to simulate acci-
dental interruption of ordinary business nodes or local data node anomalies, while the
targeted attack scenario is used to simulate the impact of successive failures of high-im-
portance nodes on network function.

In the random failure scenario, a node removal sequence is randomly generated in
each simulation, and nodes are removed one by one according to this sequence. The sim-
ulation is repeated 1000 times, and the average network efficiency under each node re-
moval ratio is calculated. In the targeted attack scenario, nodes are removed in descending
order of comprehensive node importance, and the network efficiency after each removal
step is calculated.

To compare the functional retention capability of the network under different node
removal ratios, relative network efficiency is defined as:

R(Q) = o
E(G)
where g is the node removal ratio; G, denotes the remaining network after removing a

(24)

proportion g of nodes; E(G) denotes the baseline network efficiency; and E(G,) de-
notes the network efficiency after node removal. A higher R(q) indicates stronger func-
tional retention capability under continuous node failures. By comparing the variation
trends of R(q) under random failure and targeted attack scenarios, the sensitivity of the
network to ordinary node failures and critical node failures can be assessed.

3.10. Feedback Enhancement Scenario Design

According to the business logic of EPC project cost data transmission, dynamic cost
monitoring, cost deviation warning, corrective action implementation, and historical

https://doi.org/10.3390/buildings16132527


https://doi.org/10.3390/buildings16132527

Buildings 2026, 16, 2527

15 of 37

experience reuse are key activities for forming closed-loop cost control. When feedback
links are insufficient, cost data may remain at the stage of collection and statistical report-
ing and may not enter corrective or subsequent optimization processes in time. Therefore,
this study designs a feedback enhancement scenario to analyze changes in network effi-
ciency and disturbance resistance after strengthening feedback links.

The feedback enhancement scenario mainly adjusts the edges related to dynamic cost
warning, corrective feedback, settlement experience accumulation, and historical experi-
ence reuse. The specific edge-weight adjustment rules are shown in Table 4. The enhanced
network is denoted as Gy. This scenario does not uniformly increase the weights of all
edges. Instead, it focuses on simulating the improvement of key feedback-link transmis-
sion capability after the mechanisms of cost warning, corrective closed loop, and historical
experience reuse are strengthened. All enhanced edge weights are controlled within the
range of 0-1.

Table 4. Edge-weight adjustment rules under the feedback enhancement scenario.

Edge ID Enhanced Edge

Original Enhanced

Transmission Relationship Adjustment Description

Weight Weight
. . L . Improve the timeliness of dynamic cost
E17 V13 - V16  Dynamic cost triggers cost deviation warning 0.86 0.95 .
warning.
E18 V16 - V17 Cost deviation warni.ng drives corrective ac- 074 0.90 Strengthen the response .Iink from warning
tion to correction.
E19 V17 — V13 Corrective action feeds back to dynamic cost 0.68 0.88 Strengthen the er;i_llt):mk of corrective re-
4 V15 - V18 Settlement dlffe'zrences are acc.umulated as his- 0.80 0.92 Strengthen settlemeth experience accumu-
torical cost experience lation.
E25 V16 — V18 Deviation causes are accuTnulated as historical 0.71 0.88 Strengthen the reuse of deviation causes.
cost experience
E2%6 VI8 - Vi Historical experience su.pports target cost 0.70 0.90 Strengthen the reverse support of experi-
preparation ence for target cost.
E27 V18 — V6 Historical price data support procurement 0.69 0.88 Strengthen historical price reuse.

quotation judgment

The enhanced weights in Table 4 were specified as a predefined strengthened-state
scenario for controlled comparison. The setting follows three principles. First, the en-
hanced weights are higher than the corresponding baseline weights but remain below 1.0,
indicating that feedback links are strengthened but not assumed to be perfectly reliable.
Second, different enhanced values are assigned according to the functional role and stand-
ardization potential of each feedback link. The link V13 — V16, which represents the trig-
gering of cost deviation warning by dynamic cost information, is assigned the highest
value of 0.95 because this process can be more directly supported by system-based moni-
toring and warning mechanisms. Links related to warning response, corrective feedback,
settlement experience accumulation, and historical experience reuse are set between 0.88
and 0.92 according to their baseline weights and their roles in closing the cost-control
feedback loop. Third, the average weight increment of the seven feedback links is used as
the reference increment for the forward-link enhancement scenario and the random
seven-edge enhancement scenario. This design keeps the total enhancement intensity
comparable across scenarios and allows the comparison to focus on the structural location
of enhanced links.

Table 4 shows that the feedback enhancement scenario mainly increases the trans-
mission weights of the links related to dynamic cost warning, corrective feedback, and
historical experience reuse. Specifically, V13 — V16 represents the transmission capability
from dynamic cost to cost deviation warning; V16 — V17 and V17 — V13 represent the
closed-loop relationship among warning, correction, and dynamic cost updating; and V15
— V18, V16 — V18, V18 — V1, and V18 — V6 represent the feedback effects of settlement
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experience, deviation causes, and historical price data on subsequent cost decision-mak-

ing.
The network efficiency improvement rate after feedback enhancement is defined as:
AE; = M x 100% (25)

B

where Gy denotes the feedback-enhanced network, E(G;) denotes the network effi-
ciency after feedback enhancement, and E(G) denotes the baseline network efficiency. In
addition, this study compares the average efficiency of the baseline network and the feed-
back-enhanced network under random edge failure conditions to determine whether
feedback enhancement can improve the network’s functional retention capability under
disturbances.

To compare the effect of feedback-oriented enhancement with other enhancement
strategies, two reference scenarios were further designed. The first was a forward-link
enhancement scenario. In this scenario, seven main forward transmission links from tar-
get cost formation to dynamic cost aggregation were strengthened, including V1 — V3,
V3 — V4, V4 — V5, V5 — V6, V6 — V7, V7 — V13, and V9 — V13. The second was a
random seven-edge enhancement scenario, in which seven directed edges were randomly
selected and strengthened. To make the comparison consistent, both reference scenarios
used the same average weight increment as the feedback enhancement scenario. The ran-
dom seven-edge enhancement scenario was repeated 1000 times, and the average network
efficiency was used for comparison.

3.11. Critical-Node Failure—Recovery Resilience Simulation

The random failure and targeted attack simulations mainly analyze the network’s
functional retention capability under continuous node failures. Network resilience is re-
flected not only in the degree of functional decline after disturbance but also in the recov-
ery of network function after critical nodes are restored. To characterize the recovery be-
havior of the EPC cost data transmission network after critical-node shocks, this study
designs a critical-node failure-recovery simulation.

Based on the node importance analysis results, Dynamic cost (V13), Cost deviation
warning (V16), and Historical cost database (V18) are selected as the critical failure nodes.
In the failure stage, these critical nodes and their associated edges are removed succes-
sively according to comprehensive node importance, and network efficiency is calculated
at each stage. In the recovery stage, the removed nodes and their associated edges are
restored successively, and network efficiency is recalculated. By comparing the relative
network efficiency during the failure and recovery stages, the impact of critical-node fail-
ure on network function and the contribution of node restoration to functional recovery
are analyzed.

The relative network efficiency in the critical-node failure-recovery process is de-
fined as:

g, EGD
E(G)
where R; denotes the relative network efficiency at the t-th failure or recovery stage; G,

(26)

denotes the network state at stage t; E(G;) denotes the network efficiency at that stage;
and E(G) denotes the baseline network efficiency. The closer R, is to 1, the closer the
network function is to the baseline state. A lower R, indicates a more significant weak-
ening of network function caused by critical-node failure.

Furthermore, the efficiency loss rate at stage t is defined as:
_E@G) —E@G)

= 0,
L, FG) < 100% 7)
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where L, denotes the efficiency loss rate at stage t relative to the baseline network.
Changes in R, and L, can jointly describe the functional decline caused by successive
critical-node failures and the functional recovery brought about by the gradual restoration
of critical nodes.

The critical-node failure-recovery simulation differs from the node failure simulation
described earlier. The node failure simulation mainly compares the impact of individual
node failure, whereas the critical-node failure-recovery simulation emphasizes changes
in network efficiency during successive critical-node failures and gradual recovery. It is
therefore used to characterize the resilience of the cost data transmission network.

3.12. Computational Implementation and Reproducibility

All network calculations and simulation experiments were implemented in Jupyter
Notebook 7.4.5 using Python 3.13.9 packaged by Anaconda. The main Python libraries
used for network construction, numerical calculation, Monte Carlo simulation, and visu-
alization included NetworkX 3.5, NumPy 2.3.5, pandas 2.3.3, and Matplotlib 3.10.6The
directed weighted network was constructed using the 18 nodes and 27 directed edges de-
fined in Tables 1 and 3. Edge weights were used to represent transmission strength, and
the corresponding transmission distance was calculated as the reciprocal of edge weight.
Weighted shortest paths were then calculated on the directed network.

For node importance analysis, weighted degree centrality was calculated from the
sum of incoming and outgoing edge weights. Betweenness centrality was calculated
based on directed shortest paths after converting edge weights into transmission dis-
tances. PageRank was calculated on the directed weighted network with a damping factor
of 0.85, and edge weights were used to distribute the influence of upstream nodes. Dan-
gling nodes were handled according to the standard PageRank iteration procedure, in
which their probability mass is redistributed across the network during iteration.

For network efficiency calculation, unreachable node pairs were assigned an effi-
ciency contribution of 0. In node failure and critical-node failure-recovery simulations,
the removed node and its associated edges were treated as unavailable. To reflect the
functional loss of the original cost-data transmission system, network efficiency after node
removal was calculated using the original number of nodes as the denominator. This treat-
ment avoids artificially increasing average efficiency due to the reduction in network size
after node removal.

For Monte Carlo simulations, each scenario was repeated 1000 times. To ensure com-
putational reproducibility, the pseudo-random number generator in Python was initial-
ized with a fixed seed of 2026 before the stochastic simulations were conducted. The same
seed setting was applied to the edge-weight perturbation simulation, random edge failure
simulation, random failure and targeted attack simulation, and random seven-edge en-
hancement simulation. This setting only controls the reproducibility of pseudo-random
sampling and does not affect the baseline network structure, original edge weights, deter-
ministic centrality metrics, or baseline network-efficiency calculation. In the edge-weight
perturbation simulation, each edge weight was randomly perturbed within the specified
amplitude and then clipped to the interval [0,1]. In the random edge failure simulation,
each edge was independently removed according to the specified failure probability. The
mean, standard deviation, minimum value, maximum value, and average efficiency loss
rate were calculated across the 1000 simulation runs.

In addition, robustness checks were conducted to examine whether the identification
of critical nodes was sensitive to edge-weight assumptions and distance transformation
methods. Three alternative network assumptions were tested. First, an unweighted net-
work was constructed by setting all edge weights to 1. Second, the distance transformation
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was changed from d;; = Wi to d;j = —In(w;;). Third, the distance transformation was
Yy

changed to d;; = \/% Under each alternative assumption, the comprehensive node im-
y

portance ranking and the node failure impact ranking were recalculated and compared
with those of the baseline weighted network.

4. Results

Based on the EPC project cost data transmission network constructed in Section 2,
this section further conducts network structure analysis and disturbance simulation. First,
the baseline network efficiency is calculated to characterize the overall transmission capa-
bility of cost data under normal conditions. Second, critical cost data nodes are identified
through node centrality analysis. Third, node failure simulation is performed to examine
the impact of critical node interruption on network efficiency. Finally, Monte Carlo edge-
weight perturbation, random edge failure, feedback enhancement, feedback enhancement
comparison, random failure versus targeted attack, critical-node failure-recovery simula-
tion, and robustness checks under alternative network assumptions are conducted to an-
alyse the network’s stability, robustness, and resilience under different disturbance and
modelling scenarios.

4.1. Baseline Network Efficiency

According to the network efficiency calculation method described in Section 3, the
baseline network efficiency of EPC project cost data transmission is obtained as:

E(G) = 0.1858

This value is used as the baseline for subsequent analyses of node failure, edge-
weight perturbation, random edge failure, feedback enhancement, random failure versus
targeted attack, and critical-node failure-recovery scenarios. Since the network con-
structed in this study is a directed weighted network, network efficiency does not repre-
sent the transmission capability of a single node or a single path. Instead, it reflects the
average level of cost data reachability and transmission path length among all node pairs
in the network. In the following simulations, a greater decrease in network efficiency after
the failure of a node or edge indicates a stronger impact on the continuity of cost data
transmission.

4.2. Node Importance Analysis

Based on weighted degree centrality, betweenness centrality, and PageRank, the
comprehensive node importance values are calculated. The results are shown in Table 5.
For clarity, Table 5 reports the top 10 nodes ranked by comprehensive importance.

Table 5. Top 10 node centrality and importance results.

Weighted Total Betweenness

Rank NodeID Node Name Page Rank Comprehensive Importance

Degree Centrality
1 V13 Dynamic cost 6.1900 0.2978 0.1774 0.9509
2 V16 Cost deviation 2.3100 0.2721 0.1592 0.6517
Warnlng
3 V18 HIStOHCEiSC;’St data- 2.9000 0.3493 0.0963 0.6377
4 V6  Supplier quotation 2.2900 0.2059 0.1041 0.4788
5 V7 Contract price 2.3500 0.1838 0.0985 0.4504
6 Vi Target cost 2.4300 02132 0.0496 0.3869
7 V5 Procurement BOQ 3.0800 0.1213 0.0649 0.3694
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8 V15
9 V4
10 V17

Settlement audit 3.1100 0.1287 0.0256 0.3007
BIM quantities 2.4000 0.0331 0.0348 0.1840
Corrective action 1.4200 0.0037 0.0774 0.1796

Node

V13 Dynamic cost

V16 Cost deviation warning

V18 Historical cost database

V6 Supplier quotation

V7 Contract price

V1 Target cost

V5 Procurement BOQ

V15 Settlement audit

V4 BIM quantities

V17 Corrective action

As shown in Table 5 and Figure 2, Dynamic cost (V13) has the highest comprehensive
importance, clearly exceeding the other nodes. This indicates that Dynamic cost is the core
convergence node in the EPC project cost data transmission network. Data such as con-
tract price, design change, progress measurement, resource consumption, variation orders,
and claim events all flow into the Dynamic cost node and further trigger cost deviation
warning. Therefore, Dynamic cost not only undertakes the function of process cost aggre-
gation, but also serves as a hub through which data aggregation is transformed into cost
control.

Node importance ranking

0.951

0.0 0.2 0.4 0.6 0.8 1.0
Comprehensive node importance

Figure 2. Node importance ranking in the EPC cost data transmission network.

Cost deviation warning (V16) and Historical cost database (V18) rank second and
third, respectively, indicating that cost deviation identification and historical experience
feedback play important roles in the network structure. The Cost deviation warning node
connects Dynamic cost with Corrective action and is a key node through which cost mon-
itoring is transformed into management response. The Historical cost database connects
settlement audit, deviation causes, target cost, and supplier quotation, reflecting the sup-
porting role of cost experience reuse in front-end decision-making.

Supplier quotation (V6), Contract price (V7), Target cost (V1), and Procurement BOQ
(V5) also show relatively high comprehensive importance. This suggests that the procure-
ment price formation chain and the target cost baseline chain are important components
of EPC cost data transmission. If the transmission relationships among supplier quotation,
contract price, procurement BOQ, and dynamic cost are unstable, the timeliness and ac-
curacy of intelligent cost control will be weakened.

To examine whether the equal weighting of @, 8, and y affects the node ranking
results, a weight sensitivity analysis is further conducted. Taking the equal-weight sce-
nario S0 =(1/3, 1/3, 1/3) as the baseline, three additional scenarios are set: weighted degree-
oriented scenario S1 = (0.50, 0.25, 0.25), betweenness-oriented scenario S2 = (0.25, 0.50, 0.25),
and PageRank-oriented scenario S3 = (0.25, 0.25, 0.50). The node rankings under different
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weight combinations are compared, and the Spearman rank correlation coefficient is used
to measure the consistency between each scenario and the baseline scenario. The results
are shown in Table 6.

Table 6. Sensitivity analysis of node importance weighting.

Scenario a B Y Top Three Nodes Spearman Correlation with SO
S0 Equal-weight baseline 1/3 1/3 1/3 V13, V16, V18 1.0000
S1 Weighted-degree oriented 050 025 025 V13, V18, V16 0.9835
S2 Betweenness oriented 025 050 0.25 V13, V18, V16 0.9876
53 PageRank oriented 025 025 0.50 V13, V16, V18 0.9959

Table 6 shows that Dynamic cost (V13) remains the highest-ranked node under all
four weight combinations. Cost deviation warning (V16) and Historical cost database (V18)
consistently remain among the top three nodes, although their order changes in some sce-
narios. Moreover, the Spearman rank correlation coefficients between the alternative sce-
narios and the equal-weight baseline are all greater than 0.98. This indicates that the node
importance ranking is not sensitive to changesin @, f, and y. Therefore, the critical node
identification results obtained under the equal-weight combination are relatively stable.

4.3. Critical Node Failure Simulation

To further examine the node importance results, each of the 18 nodes is removed
individually in the failure simulation. In each simulation, one node and its associated
edges are removed, and network efficiency is recalculated. A higher network efficiency
loss rate after node failure indicates a greater impact of that node on the cost data trans-
mission network. The simulation results are shown in Table 7.

Table 7 shows that the failure of Historical cost database (V18) leads to the largest
network efficiency loss, reaching 45.27%. The failure of Dynamic cost (V13) results in a
loss rate of 44.54%, while the failure of Cost deviation warning (V16) leads to a loss rate
of 37.43%. Compared with the comprehensive node importance ranking in Table 5, the
three nodes are all within the critical node set, but their exact rankings differ. Dynamic
cost (V13) ranks first in comprehensive node importance, whereas Historical cost database
(V18) causes a slightly higher efficiency loss in the node failure simulation (Figure 3).

Table 7. Critical node failure simulation results.

Rank Node ID Node Name Network Efficiency After Failure Network Efficiency Loss Rate (%)
1 V18 Historical cost database 0.1017 45.27
2 V13 Dynamic cost 0.1030 44.54
3 Vie Cost deviation warning 0.1162 37.43
4 V6 Supplier quotation 0.1288 30.66
5 Vi1 Target cost 0.1292 30.45
6 V7 Contract price 0.1360 26.78
7 V5 Procurement BOQ 0.1435 22.77
8 V15 Settlement audit 0.1563 15.85
9 V3 Design budget 0.1575 15.20

10 V4 BIM quantities 0.1594 14.21
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Critical node failure impact ranking
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Figure 3. Ranking of critical node failure impacts.

This difference does not imply a contradiction between node importance analysis and
failure simulation. Rather, it reflects the different emphases of the two types of metrics.
Comprehensive node importance is constructed from weighted degree centrality, be-
tweenness centrality, and PageRank, and mainly reflects a node’s structural centrality in
terms of network connection, intermediary transmission, and global influence. Dynamic
cost (V13) has the highest comprehensive importance because it aggregates multiple types
of data, including contract price, design change, progress measurement, resource con-
sumption, variation orders, and claim events, while also connecting to the cost deviation
warning node. It is therefore the core hub through which process data aggregation is
transformed into management response.

Node failure simulation measures the marginal impact of removing a node on the
overall reachability and transmission efficiency of the directed network. For a directed
network, network efficiency is affected not only by path length but also by whether node
pairs remain reachable. Although Historical cost database (V18) has a lower comprehen-
sive importance than Dynamic cost (V13), it has a high betweenness centrality and occu-
pies a critical position in the feedback links. This node receives settlement audit and cost
deviation warning data, and transmits historical experience back to target cost prepara-
tion and supplier quotation judgment through V18 — V1 and V18 — V6. When V18 is
removed, settlement differences, deviation causes, and historical price information cannot
effectively flow back to front-end cost decision nodes. The feedback loop is interrupted,
and some directed transmission paths from back-end nodes to front-end decision nodes
become unreachable, resulting in an efficiency loss slightly higher than that caused by the
failure of V13.

Therefore, V13 functions more as a process-data convergence hub, whereas V18 func-
tions more as a feedback-loop closure hub. The former is more prominent in the compre-
hensive centrality ranking, while the latter is more sensitive in terms of efficiency loss after
node removal. These results indicate that the critical nodes in the EPC cost data transmis-
sion network include not only the dynamic cost node that aggregates multi-source data
but also the historical cost database that maintains feedback closure and experience reuse.
Node centrality analysis and node failure simulation are therefore not simple repeated
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validations; instead, they identify critical nodes from two complementary perspectives:
structural centrality and failure impact.

4.4. Monte Carlo Edge-Weight Perturbation Simulation

In actual EPC project operation, cost data transmission relationships may be affected
by system interface stability, data entry timeliness, interdepartmental coordination effi-
ciency, and data quality fluctuations. To analyze the impact of general transmission relia-
bility fluctuations on network efficiency, this study uses Monte Carlo simulation to ran-
domly perturb network edge weights. Since the edge weights in this study are restricted
to the interval [0,1], interval clipping is applied after perturbation. If the perturbed edge
weight is greater than 1, it is set to 1; if it is less than 0, it is set to 0, ensuring that the
parameter settings remain consistent with the network definition.

The perturbation amplitudes are set to £10%, +20%, and +30%, representing low, me-
dium, and high levels of cost data transmission strength fluctuation, respectively. Under
each perturbation scenario, 1000 independent simulations are conducted, and network
efficiency is calculated using the fixed original node size. It should be noted that edge-
weight perturbation simulation mainly represents random fluctuations in data transmis-
sion strength under the baseline network scenario, rather than complete interruption of
key data links.

To verify the rationality of the simulation times, the £30% perturbation scenario is
used as an example to test the convergence of the cumulative mean network efficiency as
the number of simulations increases. The result is shown in Figure 4. At the beginning of
the simulation, the cumulative mean fluctuates due to the small sample size. As the num-
ber of simulations increases, the cumulative mean gradually stabilizes and converges to
approximately 0.1831 near 1000 simulations. The cumulative mean of the last 10 simula-
tions fluctuates only within the range of 0.183115-0.183144, indicating that 1000 simula-
tions are sufficient for stable results. Therefore, 1000 repeated samples are used in the sub-
sequent Monte Carlo simulations.

After confirming the rationality of the simulation times, the distribution characteris-
tics of network efficiency under different perturbation amplitudes are further analyzed.
The results are shown in Table 8 and Figure 5.

Convergence test of Monte Carlo simulation

0.182 4

0.180 4

0.178 4

Cumulative mean network efficiency

0.176 4

0 200 400 600 800 1000
Simulation times

Figure 4. Convergence test of the Monte Carlo simulation.
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Table 8. Monte Carlo edge-weight perturbation simulation results.

Perturbation Simulation Mean Network Standard De- Minimum Net- Maximum Net- Average Efficiency

Amplitude Times Efficiency viation work Efficiency work Efficiency  Loss Rate (%)
+10% 1000 0.1856 0.0023 0.1794 0.1927 0.0735
+20% 1000 0.1849 0.0046 0.1725 0.1991 0.4557
+30% 1000 0.1831 0.0068 0.1645 0.2031 1.4311

0.205 Monte Carlo simulation under clipped weight perturbation
0.200 4 T
8
0.195 1
S
0.190 1
g
£ 0.185 - A
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X 7y
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2
% 0.180 4 .
=
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+10% +20% +30%

Disturbance level

Figure 5. Network efficiency distribution under edge-weight perturbation.

As shown in Table 8 and Figure 5, the orange horizontal lines, green triangles, and
circles in the boxplots denote the median values, mean values, and outliers, respectively.
As the edge-weight perturbation amplitude increases from +10% to +30%, the fluctuation
range of network efficiency gradually expands, and the standard deviation increases from
0.0023 to 0.0068. This indicates that stronger transmission reliability fluctuations increase
uncertainty in network operation. In terms of mean network efficiency, the efficiency loss
under all three perturbation scenarios remains small, with average efficiency loss rates of
0.0735%, 0.4557%, and 1.4311%, respectively.

These results show that, under the baseline network scenario constructed in this
study, the overall network remains relatively stable when cost data transmission relation-
ships experience only limited random fluctuations. This is related to the presence of mul-
tiple parallel transmission paths in the network. For example, contract price, progress
measurement, resource consumption, variation orders, and claim events can all enter the
Dynamic cost node from different directions. Therefore, the fluctuation of a single edge
weight does not immediately lead to a significant reduction in overall transmission effi-
ciency. However, as the perturbation amplitude increases, the distribution range in the
boxplot widens markedly, indicating that continuous fluctuations in transmission relia-
bility still increase uncertainty in network operation.
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4.5. Random Edge Failure Simulation

Edge-weight perturbation mainly reflects continuous fluctuations in data transmis-
sion strength, whereas more severe data link interruptions may occur in actual EPC pro-
jects. For example, system interfaces may not be connected, approval processes may be
interrupted, on-site data may not be uploaded in time, variation orders may not enter the
dynamic cost module, or settlement differences may not be accumulated in the historical
cost database. All these situations may cause some data transmission edges to fail directly.
To simulate such scenarios, this study further conducts random edge failure simulation.

The edge failure probabilities are set to 5%, 10%, and 20%, representing mild, mod-
erate, and relatively high levels of data link interruption, respectively. Specifically, 5%
indicates occasional failures of a small number of interface or process links, 10% indicates
unstable transmission of some data links during multi-system collaboration, and 20% in-
dicates more serious data breakpoints or cross-departmental coordination failures. It
should be noted that these probabilities are mainly used to compare changes in network
efficiency under different failure intensities and do not directly correspond to the actual
link failure rate of a specific EPC project.

Under each edge failure probability, 1000 Monte Carlo simulations are conducted. In
each simulation, each edge fails randomly according to the given probability. If an edge
fails, its weight is reset to 0 and the corresponding data transmission link is regarded as
interrupted. If the edge does not fail, its original weight is retained. The random edge
failure simulation results are shown in Table 9 and Figure 6.

Table 9. Random edge failure simulation results.

Edge Failure Simulation

Mean Network Standard De- Minimum Net- Maximum Net- Average Efficiency

Probability Times Efficiency viation work Efficiency work Efficiency  Loss Rate (%)
5% 1000 0.1662 0.0218 0.0883 0.1858 10.5418
10% 1000 0.1466 0.0270 0.0753 0.1858 21.0783
20% 1000 0.1165 0.0297 0.0471 0.1858 37.3045

Table 9 and Figure 6 show that random edge failure has a much stronger impact on
network efficiency than general edge-weight perturbation. When the edge failure proba-
bility is 5%, the average network efficiency loss rate already reaches 10.5418%. When the
edge failure probability increases to 20%, the average network efficiency loss rate rises to
37.3045%. This suggests that data link interruption can significantly weaken the overall
transmission efficiency of the EPC cost data transmission network constructed in this
study.

Figure 6 further shows that as the edge failure probability increases, the distribution
range of network efficiency gradually expands and low-efficiency scenarios become more
frequent. In the boxplots, the orange horizontal lines, green triangles, and circles denote
the median values, mean values, and outliers, respectively. This indicates that when sys-
tem interfaces, business processes, or cross-departmental coordination relationships are
interrupted, cost data may not be effectively transmitted to critical nodes such as Dynamic
cost, Cost deviation warning, Settlement audit, or Historical cost database, thereby affect-
ing the overall function of the cost data transmission network.

4.6. Feedback Enhancement Scenario Analysis

The node importance analysis and failure simulation results indicate that Dynamic
cost, Cost deviation warning, and Historical cost database are the critical nodes in the
network. Based on this result, this study sets up a feedback enhancement scenario accord-
ing to the rules shown in Table 4. The scenario focuses on increasing the transmission
weights of links related to dynamic cost warning, corrective feedback, settlement
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experience accumulation, and historical experience reuse, and then compares network ef-
ficiency before and after feedback enhancement. The results are shown in Table 10 and
Figure 7.

Table 10. Network efficiency comparison under the feedback enhancement scenario.

Edge Failure Proba- Mean Efficiency of Baseline Mean Efficiency of Feedback-Enhanced Improvement Rate
bility Network Network (%)
No edge failure 0.1858 0.2009 8.13
5% 0.1662 0.1795 8.0252
10% 0.1466 0.1582 7.8734
20% 0.1165 0.1253 7.6207

Monte Carlo simulation under random edge failure
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Figure 6. Network efficiency distribution under random edge failure.

Table 10 and Figure 7 show that, after feedback enhancement, the baseline network
efficiency increases from 0.1858 to 0.2009, corresponding to an improvement rate of 8.13%.
Under random edge failure conditions, the mean efficiency of the feedback-enhanced net-
work is consistently higher than that of the baseline network. When the edge failure prob-
abilities are 5%, 10%, and 20%, the efficiency improvement rates are 8.0252%, 7.8734%,
and 7.6207%, respectively.

These results indicate that, in the network scenario constructed in this study,
strengthening the feedback loop of “Dynamic cost-Cost deviation warning—Corrective ac-
tion-Dynamic cost” and the experience reuse link of “Settlement audit/Cost deviation
warning-Historical cost database-Target cost/Supplier quotation” can improve the over-
all efficiency and disturbance resistance of the cost data transmission network. In other
words, improving cost data transmission capability in EPC projects depends not only on
front-end data collection and process data aggregation, but also on whether cost devia-
tions can trigger timely management responses and whether historical experience can
provide reverse support for subsequent cost decisions.
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4.7. Comparative Analysis of Feedback Enhancement

To further examine the effect of feedback-link enhancement, this study compared the
feedback enhancement scenario with two reference enhancement scenarios: forward-link
enhancement and random seven-edge enhancement. In the forward-link enhancement sce-
nario, seven main forward transmission links were strengthened using the same average
weight increment as the feedback enhancement scenario. In the random seven-edge en-
hancement scenario, seven directed edges were randomly selected and strengthened, and
the simulation was repeated 1000 times. The comparison results are shown in Table 11.

Table 11. Comparison of feedback enhancement and reference enhancement scenarios.

Scenario

Network Efficiency Efficiency Improvement Rate (%) Mean Efficiency Under 10% Random Edge Failure

Baseline network
Feedback-link enhancement
Forward-link enhancement

Random seven-edge enhancement

0.1858 - 0.1488
0.2009 8.13 0.1606
0.1959 5.47 0.1568
0.1950 4.96 0.1537

Comparison of network efficiency before and after feedback enhancement

0.200 1 EmE Baseline network

0.1795 mmm Enhanced feedback network

0.175 1
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0.000 -

10%
Edge failure probability

Figure 7. Comparison of network efficiency before and after feedback enhancement.

As shown in Table 11, feedback-link enhancement increased network efficiency from
0.1858 to 0.2009, corresponding to an improvement rate of 8.13%. By comparison, for-
ward-link enhancement increased network efficiency to 0.1959, with an improvement rate
of 5.47%, while random seven-edge enhancement produced an average network efficiency
of 0.1950, with an improvement rate of 4.96%. Under the 10% random edge failure sce-
nario, the feedback-enhanced network also retained the highest average efficiency among
the three enhancement scenarios.

These results indicate that the improvement produced by feedback enhancement is
not only a result of increasing several edge weights. Strengthening the links related to cost
deviation warning, corrective action feedback, settlement experience accumulation, and
historical cost reuse produces a stronger improvement in network-efficiency resilience be-
cause these links connect cost monitoring, management response, cost updating, and sub-
sequent decision support.

4.8. Robustness Analysis Under Random Failure and Targeted Attack

To further analyze the overall robustness of the EPC project cost data transmission
network against node failures, this study sets up two node removal scenarios: random
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failure and targeted attack. In the random failure scenario, nodes are removed succes-
sively in random order in each simulation. The simulation is repeated 1000 times, and the
mean network efficiency is taken as the result. In the targeted attack scenario, nodes are
removed successively in descending order of comprehensive node importance, and the
relative network efficiency after each removal step is calculated. Relative network effi-
ciency is defined as the ratio of the network efficiency after node removal to the baseline
network efficiency, and is used to reflect the functional retention capability of the network
during continuous node failure.

Figure 8 shows that, as the node removal ratio increases, relative network efficiency
decreases under both scenarios, but the rate of decline differs significantly. Under random
failure, network efficiency declines more gradually, and the network can still maintain a
certain transmission capability when the node removal ratio is low. By contrast, network
efficiency decreases faster under targeted attack, especially after high-importance nodes
such as Dynamic cost (V13), Cost deviation warning (V16), and Historical cost database
(V18) are removed first.

Network robustness under random failure and targeted attack

1.0 4 —@— Targeted attack
Random failure

0.8 1

0.6 1

0.4 1

Relative network efficiency

0.2 1

0.0 1 " ——

0.0 0.2 0.4 0.6 0.8 1.0
Removed node ratio

Figure 8. Network robustness under random failure and targeted attack.

This result suggests that the EPC project cost data transmission network constructed
in this study has a certain degree of robustness against random node failures, but is more
sensitive to critical node failures. This broadly aligns with the node importance ranking
and the critical node failure simulation. Nodes such as Dynamic cost, Cost deviation
warning, and Historical cost database not only occupy important positions in the network
structure, but also strongly affect the overall transmission capability of the network. Once
these nodes fail successively, the transmission paths among procurement, construction,
variation, settlement, and feedback reuse are rapidly weakened.

From a management perspective, improving the resilience of the EPC project cost
data transmission network should give priority to ensuring the stable operation of critical
nodes, rather than relying only on general data redundancy. For nodes such as Dynamic
cost, Cost deviation warning, Corrective action, and Historical cost database, higher safe-
guards should be established in terms of system interfaces, data updates, responsibility
allocation, and feedback mechanisms to reduce the impact of critical node failure on the
overall cost data transmission network.
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4.9. Critical-Node Failure—Recovery Resilience Analysis

The preceding node failure and targeted attack simulations mainly reflect the func-
tional decline of the network under disturbance conditions. To further capture the recov-
ery capability of the cost data transmission network after critical node failure, this study
sets up a critical-node failure-recovery scenario. Based on the node importance analysis
results, Dynamic cost (V13), Cost deviation warning (V16), and Historical cost database
(V18) are selected as the critical failure nodes. In the failure stage, these nodes are removed
successively. In the recovery stage, the removed nodes and their associated edges are re-
stored successively, and changes in network efficiency are calculated at each stage.

For comparison, relative network efficiency is used to represent the degree of net-
work functional retention and recovery, namely the ratio of network efficiency at each
stage to the baseline network efficiency. The critical-node failure-recovery simulation re-
sults are shown in Table 12 and Figure 9.

Table 12. Critical-node failure-recovery simulation results.

Stage Network Efficiency Relative Network Efficiency Efficiency Loss Rate (%)

Baseline 0.1858 1.0000 0.00
Remove V13 0.1030 0.5546 44.54
Remove V16 0.0923 0.4968 50.32
Remove V18 0.0513 0.2764 72.36
Restore V13 0.0733 0.3946 60.54
Restore V16 0.1017 0.5473 45.27
Restore V18 0.1858 1.0000 0.00

As shown in Table 12 and Figure 9, as V13, V16, and V18 fail successively, the relative
network efficiency decreases from 1.0000 to 0.2764, and the efficiency loss rate reaches
72.36%. This indicates that the successive failure of Dynamic cost, Cost deviation warning,
and Historical cost database can significantly weaken the overall function of the cost data
transmission network. In particular, the removal of V13 causes a sharp decline in network
efficiency, confirming the core role of Dynamic cost in cost data convergence and state
transformation.

During the recovery stage, network efficiency increases continuously as the critical
nodes are gradually restored. After V13 is restored, the relative network efficiency rises
from 0.2764 to 0.3946. After V16 is further restored, the relative network efficiency in-
creases to 0.5473. When V18 is finally restored, network efficiency returns to the baseline
level. These results indicate that the restoration of critical nodes can effectively promote
the recovery of cost data transmission network function, and that the restoration of His-
torical cost database is particularly important for the integrity of the network feedback
loop.

From a resilience perspective, the EPC project cost data transmission network shows
a clear functional decline under critical-node shocks, but its function can gradually re-
cover after the critical nodes and their associated data links are restored. In Figure 9, the
dashed horizontal line represents the baseline relative network efficiency level, where the
relative network efficiency equals 1.0. Therefore, improving the resilience of the cost data
transmission network requires attention not only to robustness before critical node failure,
but also to the construction of post-failure recovery mechanisms, including the recovery
of the Dynamic cost module, Cost deviation warning, Historical cost database, and the
rapid reconstruction of related data interfaces and feedback links.
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Figure 9. Critical-node failure-recovery resilience curve.
4.10. Stability Verification of Critical-Node Identification
To examine the stability of the critical-node identification results, robustness checks
were conducted under alternative network assumptions. The baseline weighted network
was compared with an unweighted network and two alternative distance transformation
methods. The results are shown in Table 13.
Table 13. Robustness checks under alternative network assumptions.
Scenario Top Three Nodes by Comprehensive Importance Top Three Nodes by Failure Impact
Baseline weighted network V13, V16, V18 V18, V13, V16
Unweighted network V13, V16, V18 V18, V13, V16
Alternative distance: d;; = —In(w;;) V13, V16, V18 V13, V18, V16
Alternative distance: d;; = L V13, V16, V18 V18, V13, V16

As shown in Table 13, Dynamic cost (V13), Cost deviation warning (V16), and His-
torical cost database (V18) remained the top three nodes in the comprehensive importance
ranking under all alternative assumptions. The node failure impact ranking was also gen-
erally stable. Historical cost database (V18), Dynamic cost (V13), and Cost deviation warn-
ing (V16) remained the three most influential nodes under the baseline weighted network,
—— distance transformation. Under the d;; =
N ' y

—In(w;;) transformation, the order of V13 and V18 changed, but the same three nodes

the unweighted network, and the d;; =

remained dominant.

These results indicate that the identification of the key nodes is not highly sensitive
to the specific edge-weight or distance-transformation assumptions. Therefore, the con-
clusion that Dynamic cost, Cost deviation warning, and Historical cost database are the
critical nodes of the EPC cost-data transmission network is relatively stable within the
proposed network structure.

4.11. Comprehensive Analysis of Results

The simulation and analysis results show that the EPC project cost data transmission
network exhibits strong critical-node dependence, sensitivity to link interruption, and
feedback recovery characteristics.
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The node importance analysis and critical node failure simulation support each other
in identifying the critical node set, although their specific rankings are not fully consistent.
Dynamic cost (V13), Cost deviation warning (V16), and Historical cost database (V18)
rank high in the comprehensive node importance results and also cause considerable net-
work efficiency losses in the node failure simulation. This indicates that dynamic cost con-
vergence, cost deviation warning, and historical experience reuse are core elements for
maintaining the continuity of EPC cost data transmission. Dynamic cost (V13) has the
highest comprehensive importance, mainly reflecting its structural centrality in multi-
source cost data convergence and process state transformation. Historical cost database
(V18) causes the largest efficiency loss in the node failure simulation, which is related to
the feedback loop connecting back-end settlement differences and deviation causes with
front-end target cost and procurement quotation. This also shows that comprehensive
node importance and node failure simulation emphasize different aspects: the former fo-
cuses on structural centrality, whereas the latter reflects the destructive impact of node
failure. Together, they provide complementary evidence for identifying critical nodes.

The edge-weight perturbation simulation and random edge failure simulation reveal
different network responses under two types of disturbance. Edge-weight perturbation
mainly represents continuous fluctuations in data transmission strength. Under +10%,
+20%, and +30% perturbations, the average efficiency loss remains small, indicating that
the baseline network maintains a certain degree of stability under general transmission
strength fluctuations. Random edge failure corresponds to direct interruption of data
links. As the edge failure probability increases, network efficiency decreases markedly,
suggesting that system interface interruption, business process breakpoints, or cross-de-
partmental data link failures exert a more direct impact on cost data transmission.

The comparison between random failure and targeted attack indicates that the net-
work has a certain level of robustness against random node failures but is more sensitive
to successive failures of high-importance nodes. Under the random failure scenario, net-
work efficiency declines gradually as the node removal ratio increases. Under the targeted
attack scenario, network efficiency declines more rapidly because nodes with high com-
prehensive importance are removed first. This indicates that nodes in the EPC project cost
data transmission network do not play equivalent roles, and the stable operation of critical
nodes is essential for maintaining network function.

The feedback enhancement scenario and critical-node failure-recovery simulation
further reveal that network performance depends not only on functional retention after
disturbance, but also on the recovery capability of feedback links and critical nodes. After
feedback enhancement, network efficiency improves both in the baseline state and under
random edge failure conditions, indicating that strengthening dynamic cost warning, cor-
rective feedback, and historical experience reuse links can improve the network’s disturb-
ance resistance. The critical-node failure-recovery simulation shows that when Dynamic
cost (V13), Cost deviation warning (V16), and Historical cost database (V18) fail succes-
sively, relative network efficiency decreases sharply. As the critical nodes are gradually
restored, network efficiency continuously recovers and eventually returns to the baseline
level. Therefore, improving the resilience of the EPC cost data transmission network re-
quires attention not only to robustness before critical node failure, but also to node resto-
ration, data interface reconstruction, and feedback link repair after failure.

5. Discussion

The simulation results in Section 4 show that the EPC project cost data transmission
network is highly sensitive to critical nodes and feedback links. In the node importance
analysis, Dynamic cost (V13), Cost deviation warning (V16), and Historical cost database
(V18) are the three nodes with the highest comprehensive importance. In the node failure
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simulation, the failure of these nodes also leads to a marked decrease in network efficiency.
The Monte Carlo simulation results indicate that general edge-weight perturbations have
a relatively limited impact on network efficiency, whereas random edge failures substan-
tially weaken network transmission efficiency. The comparison between random failure
and targeted attack further shows that the network has a certain tolerance to random node
failures but is more sensitive to successive failures of high-importance nodes. The feed-
back enhancement scenario confirms a basic finding: under the network setting con-
structed in this study, strengthening dynamic cost warning, corrective feedback, and his-
torical experience reuse links can improve both network efficiency and disturbance re-
sistance.

5.1. Management Implications of Critical Nodes

The results show that Dynamic cost (V13), Cost deviation warning (V16), and Histor-
ical cost database (V18) are the most critical nodes in the EPC cost-data transmission net-
work. These nodes correspond to three key management functions: process cost aggrega-
tion, deviation response, and knowledge feedback. Strengthening these nodes can im-
prove the continuity and resilience of EPC cost-data transmission.

First, Dynamic cost (V13) should be protected as the core aggregation node of process
cost information. In EPC project management, contract price, design changes, progress
measurement, resource consumption, variation orders, and claim events should be trans-
mitted to the dynamic cost module in a timely and standardized manner. Managers can
improve this node by establishing a unified dynamic cost ledger, defining standard data
interfaces among procurement, contract, construction, and payment systems, and setting
clear responsibilities for cost-data submission and review. When BIM/5D BIM or cost-
management platforms are used, dynamic cost updating should be linked with progress
measurement, procurement price changes, variation confirmation, and payment review
so that the cost status can reflect the actual project process.

Second, Cost deviation warning (V16) should be strengthened as the key node that
transforms cost monitoring into management response. A cost deviation warning mecha-
nism should include warning thresholds, deviation classification, responsibility tracing,
response deadlines, and closed-loop tracking. For example, deviations caused by design
changes, procurement price increases, resource overconsumption, variation orders, or
claims should be classified separately, and each type of deviation should trigger corre-
sponding corrective procedures. The warning results should not remain only as statistical
reports; they should be connected with corrective actions, dynamic cost updating, and
historical experience accumulation.

Third, Historical cost database (V18) should be developed as the knowledge feedback
node for subsequent cost decision-making. Settlement differences, procurement prices,
variation causes, claim events, warning records, and corrective-action results should be
systematically stored and coded. These data can support target cost preparation, procure-
ment price judgement, design cost control, and risk identification in later projects. To im-
prove the usefulness of this node, managers should establish standard data categories,
update rules, and retrieval mechanisms for historical cost information. The historical da-
tabase should also be connected with target cost preparation and procurement quotation
analysis, so that experience from completed projects can be reused in front-end cost deci-
sions.

Overall, the management implication of the critical-node analysis is that EPC cost
control should not focus only on front-end budgeting or final settlement. Greater attention
should be paid to the continuity among process cost aggregation, deviation warning, cor-
rective feedback, and historical experience reuse. By protecting Dynamic cost, improving
Cost deviation warning, and strengthening the Historical cost database, EPC project
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organizations can improve the structural resilience of cost-data transmission and support
more effective intelligent cost control.

5.2. Differences Between Edge-Weight Perturbation and Edge Failure

The Monte Carlo edge-weight perturbation simulation shows that when edge
weights fluctuate randomly within +10%, +20%, and +30%, the average network efficiency
loss rates are only 0.0735%, 0.4557%, and 1.4311%, respectively. This indicates that the
EPC cost data transmission network remains relatively stable under general fluctuations
in transmission reliability. One reason is that the network contains multiple parallel data
transmission paths. Construction, procurement, variation, and settlement data can enter
Dynamic cost or Settlement audit through different edges. Therefore, fluctuations in edge
weights alone do not immediately cause structural breaks in the network.

The random edge failure results are clearly different. When the edge failure proba-
bilities are 5%, 10%, and 20%, the average network efficiency loss rates reach 10.5418%,
21.0783%, and 37.3045%, respectively. Compared with slight fluctuations in data trans-
mission strength, data link interruption has a more direct destructive effect on the cost
data transmission network. In EPC projects, unconnected system interfaces, broken ap-
proval processes, failure to upload on-site data, variation orders not entering the dynamic
cost module, or settlement data not being accumulated in the historical cost database may
all cause certain network edges to fail, thereby significantly reducing overall transmission
efficiency.

This difference suggests that intelligent EPC cost control should not remain limited
to improving data quality at individual nodes or local transmission efficiency. More im-
portantly, it should ensure the continuous operation of key data links. As long as the main
links remain connected, the network can tolerate general data fluctuations to some extent.
Once key links are interrupted, however, network efficiency declines quickly. The com-
pleteness of data interfaces, business processes, and feedback mechanisms therefore di-
rectly affects the resilience of EPC project cost data transmission.

5.3. Role of Feedback Enhancement in Network Resilience

The feedback enhancement scenario shows that after increasing the weights of links
related to dynamic cost warning, corrective feedback, settlement experience accumula-
tion, and historical experience reuse, the baseline network efficiency increases from 0.1858
to 0.2009, with an improvement rate of 8.13%. Under random edge failure conditions, the
mean efficiency of the feedback-enhanced network is also consistently higher than that of
the baseline network. When the edge failure probabilities are 5%, 10%, and 20%, the effi-
ciency of the enhanced network increases by 8.0252%, 7.8734%, and 7.6207%, respectively.
This indicates that feedback link enhancement can improve network efficiency under nor-
mal conditions and also strengthen network resilience under disturbance conditions.

From the perspective of business logic, feedback enhancement mainly affects two
types of links. The first type is the dynamic control feedback link, namely V13 — V16 —
V17 — V13. This link corresponds to the closed loop among Dynamic cost, Cost deviation
warning, Corrective action, and cost status updating. If this link is weak, cost deviations
may be detected but cannot be quickly transformed into corrective actions and fed back
into the dynamic cost control process. The second type is the experience reuse feedback
link, including V15 — V18, V16 — V18, V18 — V1, and V18 — V6. This link represents the
reverse support of settlement differences, deviation causes, and historical price experience
for target cost preparation and procurement quotation judgment.

The feedback enhancement scenario indicates that the optimization focus of the EPC
project cost data transmission network should shift from simple data reporting to feed-
back-loop reinforcement. If cost data only flow from front-end activities to back-end
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records without returning to target cost preparation, procurement quotation, and correc-
tive management, their management value will be limited. By strengthening dynamic cost
warning, corrective action implementation, and historical experience reuse, cost data can
form a continuous correction mechanism during project implementation, thereby improv-
ing overall network resilience.

5.4. Implications for Intelligent EPC Cost Control

The results provide three implications for intelligent cost control in EPC projects.

(1) Cost data governance should shift from platform module construction to network
link governance. Information system development in EPC projects often emphasizes the
functions of individual systems, such as BIM platforms, procurement systems, cost man-
agement systems, or payment settlement systems. However, the results in Section 4 show
that the key factor affecting cost data transmission efficiency is not simply whether a par-
ticular system exists. Instead, it lies in whether continuous links are formed among target
cost, quantities, procurement bills of quantities, contract prices, dynamic cost, deviation
warning, settlement audit, and historical cost database. Intelligent cost control should
therefore focus on data connections across systems, departments, and project stages.

(2) The aggregation and warning functions of the Dynamic cost node should be
strengthened. Dynamic cost is the convergence node for multiple types of cost data, in-
cluding procurement, construction, variations, and claims, and it also provides the basis
for cost deviation warning. If dynamic cost data are incomplete, delayed, or cannot be
compared with target cost, subsequent warning and correction will lose their foundation.
EPC projects should therefore integrate procurement prices, contract prices, progress
measurement, resource consumption, variation orders, and claim events into the dynamic
cost management process, so that cost data are not scattered across different departments
or systems.

(3) The feedback value of the Historical cost database should be emphasized. Histor-
ical cost data are not merely archival materials after project completion; they are important
references for subsequent target cost preparation, procurement price judgment, risk iden-
tification, and scheme optimization. The node failure simulation shows that the failure of
the Historical cost database significantly reduces network efficiency, indicating that the
experience reuse link plays a critical role in cost data transmission. From the perspective
of the simulated network, EPC project teams may benefit from the structured accumula-
tion of procurement prices, variation causes, disputes over site instructions, claim events,
settlement differences, and corrective effects, so that these data can provide reverse sup-
port for future cost decisions.

5.5. Method Applicability and Limitations

The proposed network model provides a structured way to analyse the resilience of
EPC project cost-data transmission from the perspective of network efficiency. It is appli-
cable to EPC projects in which cost data are generated and updated across multiple stages,
including target cost preparation, design budgeting, procurement pricing, contract for-
mation, construction progress measurement, variation and claim management, dynamic
cost monitoring, payment settlement, and historical cost reuse. In such projects, the model
can help managers identify critical cost-data nodes, vulnerable transmission relationships,
and feedback links that should receive priority attention.

The applicability of the model is affected by several project and organizational con-
ditions. EPC projects differ in project scale, contract arrangement, owner involvement,
digital maturity, BIM or 5D BIM adoption, platform integration, and the standardization
of cost-management procedures. These factors may change both the network structure
and edge weights. For example, projects with highly integrated cost-management
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platforms may have stronger links between progress measurement, dynamic cost, and
payment settlement, while projects with weak historical data management may have
lower feedback strength from settlement audit and deviation warning to the historical cost
database. Therefore, the network structure and edge weights should be adjusted when the
model is applied to specific EPC projects.

Several limitations should also be noted. First, the network structure and edge
weights in this study are derived from EPC cost-management logic and expert scoring.
Although the expert panel covered owner-side cost control, cost consulting, design cost
estimation, construction contract management, procurement, digital engineering, and ac-
ademic research, the model has not yet been calibrated using large-scale project-log data.
Future studies can integrate BIM/5D BIM records, procurement system data, cost-man-
agement platform logs, progress payment records, variation and claim documents, and
settlement audit data to validate and refine the network.

Second, the disturbance parameters used in the simulations are scenario settings for
comparative analysis. Edge-weight perturbation amplitudes and random edge failure
probabilities are used to represent different levels of transmission uncertainty and link
interruption, rather than measured failure rates from a specific EPC project. Future em-
pirical studies can estimate these parameters from actual data transmission delays, miss-
ing records, interface failures, approval delays, and data-quality problems in project man-
agement systems.

Third, the failure-recovery simulation represents an idealized structural recovery
process. In the simulation, failed nodes and their associated edges are restored to the base-
line state. In practice, recovery may involve time delays, incomplete data restoration, par-
tial recovery of system interfaces, additional coordination costs, and temporary loss of
cost-control capability. Future research can extend the model by introducing recovery
time, recovery cost, partial restoration, and dynamic data loss into the resilience assess-
ment.

Overall, the proposed framework is most suitable for identifying structural vulnera-
bilities and feedback-improvement directions in EPC cost-data transmission within the
constructed network and predefined simulation scenarios. The results should be inter-
preted as network-level evidence for cost-data transmission resilience. Future project-
level validation using BIM/5D BIM records, procurement system data, cost-management
platform logs, variation and claim records, progress payment records, and settlement au-
dit data can further improve the empirical applicability of the framework.

6. Conclusions

This study developed a directed weighted network framework to analyse the resili-
ence of EPC project cost-data transmission. Based on EPC cost-management logic and ex-
pert evaluation, 18 core nodes and 27 directed edges were identified to represent the main
cost-data objects, management activities, and transmission relationships among target
cost, design budgeting, quantity extraction, procurement pricing, contract pricing, con-
struction process cost accumulation, dynamic cost monitoring, payment settlement, and
historical cost experience reuse. Complex network analysis and Monte Carlo simulation
were then used to examine critical nodes, disturbance response, feedback enhancement,
and failure-recovery behaviour. The main conclusions are as follows.

First, EPC project cost-data transmission shows clear network characteristics. Cost
data are transmitted through multiple forward, convergent, and feedback paths rather
than through a single linear process. The proposed network structure describes how front-
end cost baselines, design and quantity data, procurement and contract prices, construc-
tion process data, payment settlement, deviation warning, corrective feedback, and his-
torical experience reuse are connected. This network representation provides a basis for
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analysing the structural reachability and transmission efficiency of cost data across project
stages and management activities.

Second, Dynamic cost (V13), Cost deviation warning (V16), and Historical cost data-
base (V18) are the most critical nodes in the proposed EPC cost-data transmission net-
work. Dynamic cost serves as the core aggregation node for contract price, design change,
progress measurement, resource consumption, variation order, and claim data. Cost de-
viation warning connects cost monitoring with corrective response. Historical cost data-
base links settlement audit, deviation causes, historical prices, target cost preparation, and
procurement quotation judgement. The node failure simulation further shows that the
failures of V18, V13, and V16 lead to network efficiency losses of 45.27%, 44.54%, and
37.43%, respectively. These results indicate that process cost aggregation, deviation warn-
ing, and experience feedback are key functions for maintaining the continuity of cost-data
transmission.

Third, the simulation results show that link interruption has a stronger effect on net-
work efficiency than general edge-weight fluctuation. Under edge-weight perturbation,
the mean network efficiency remains close to the baseline level, even when the perturba-
tion amplitude increases to +30%. By contrast, random edge failure causes a more pro-
nounced efficiency decline. When the edge failure probability increases from 5% to 20%,
the average efficiency loss rate rises from 10.54% to 37.30%. This finding suggests that
maintaining the continuity of key data transmission links is essential for preserving the
functional performance of the cost-data transmission network.

Fourth, feedback-link enhancement improves the network-efficiency resilience of
EPC cost-data transmission. Strengthening the links related to cost deviation warning,
corrective action feedback, settlement experience accumulation, and historical cost reuse
increases network efficiency from 0.1858 to 0.2009. The comparative enhancement analy-
sis further shows that feedback-link enhancement produces a larger efficiency improve-
ment than forward-link enhancement and random seven-edge enhancement. This result
highlights the importance of closed-loop cost control, in which cost monitoring, deviation
response, dynamic cost updating, and historical experience reuse are continuously con-
nected.

Fifth, the critical-node failure-recovery simulation shows that successive failures of
V13, V16, and V18 substantially weaken network function, while structural restoration of
these nodes enables network efficiency to recover to the baseline level in the simulation.
The robustness checks under alternative network assumptions further show that V13,
V16, and V18 remain the dominant critical nodes under an unweighted network and al-
ternative distance transformation methods. These results support the stability of the criti-
cal-node identification results within the proposed network structure.

The findings provide managerial implications for intelligent EPC cost control. EPC
project organizations should protect the Dynamic cost node by improving process cost
aggregation, strengthen the Cost deviation warning node by establishing threshold-based
and responsibility-based response mechanisms, and develop the Historical cost database
as a feedback node for target cost preparation and procurement price judgement. Future
research can further validate and refine the proposed network by using BIM/5D BIM rec-
ords, procurement system data, cost-management platform logs, payment records, varia-
tion and claim documents, and settlement audit data from actual EPC projects.

These conclusions are bounded by the constructed network structure and predefined
simulation scenarios. The results indicate which nodes and links are more important from
a network-efficiency perspective, and they suggest that strengthening feedback-oriented
transmission relationships may improve the functional retention and recovery capacity of
EPC cost-data transmission systems. In future applications, the proposed framework can
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be further calibrated and tested using project-level digital cost-management data to sup-
port more context-specific decision-making in EPC project cost control.

Author Contributions: Conceptualization and formal analysis, R.R. and J.F.; methodology and in-
vestigation, R.R. and J.F.; software, validation and visualization, R.R. and Y.Q.; resources and data
curation, J.F. and R.R.; writing —original draft preparation, R.R.; writing—review and editing, J.F.,
R.R, Y.Q. and Y.S,; literature review, manuscript organization and reference checking, Y.S.; super-
vision and project administration, J.F. All authors have read and agreed to the published version of

the manuscript.
Funding: This research received no external funding.

Data Availability Statement: The original contributions presented in the study are included in the

article, further inquiries can be directed to the author.

Acknowledgments: The authors would like to thank the experts who provided professional judg-

ments on EPC project cost management and data transmission relationships.

Conflicts of Interest: Author Ruijiang Ran was employed by the company Wuhan Chegu Construc-
tion Investment Co., Ltd., Author Yuge Qin was employed by the company Xiamen Ampace Tech-
nology Limited. The remaining authors declare that the research was conducted in the absence of

any commercial or financial relationships that could be construed as a potential conflict of interest.

References

1. Vigneault, M.A ; Boton, C.; Chong, H.Y.; Cooper-Cooke, B. An innovative framework of 5D BIM solutions for construction cost
management: A systematic review. Arch. Comput. Methods Eng. 2020, 27, 1013-1030. https://doi.org/10.1007/s11831-019-09341-z.

2. Fazeli, A,; Dashti, M.S,; Jalaei, F.; Khanzadi, M. An integrated BIM-based approach for cost estimation in construction projects.
Eng. Constr. Archit. Manag. 2021, 28, 2828-2854. https://doi.org/10.1108/ECAM-01-2020-0027.

3.  Sepasgozar, S.M.E.; Costin, A.M.; Karimi, R.; Shirowzhan, S.; Abbasian, E.; Li, J. BIM and digital tools for state-of-the-art con-
struction cost management. Buildings 2022, 12, 396. https://doi.org/10.3390/buildings12040396.

4. Parsamehr, M,; Perera, U.S.; Dodanwala, T.C.; Perera, P.; Ruparathna, R. A review of construction management challenges and
BIM-based solutions: Perspectives from the schedule, cost, quality, and safety management. Asian J. Civ. Eng. 2023, 24, 353-389.
https://doi.org/10.1007/s42107-022-00501-4.

5. Rashidi, A.; Chan, D.W.M,; Ravanshadnia, M.; Sarvari, H.; Tajaddini, A. Applying Building Information Modelling (BIM) tech-
nology in pre-tender cost estimation of construction projects: A case study in Iran. Buildings 2024, 14, 1260.
https://doi.org/10.3390/buildings14051260.

6. Pishdad, P.; Onungwa, 1.O. Analysis of 5D BIM for cost estimation, cost control and payments. J. Inf. Technol. Constr. 2024, 29,
525-548. https://doi.org/10.36680/j.itcon.2024.024.

7. Cassandro, J.; Mirarchi, C.; Pavan, A. A comprehensive literature review of 5D building information modelling using latent
Dirichlet allocation analysis. Constr. Innov. 2025, 25, 331-357. https://doi.org/10.1108/CI-07-2024-0209.

8. Opoku, D.GJ,; Perera, S.; Osei-Kyei, R.; Rashidi, M. Digital twin application in the construction industry: A literature review. J.
Build. Eng. 2021, 40, 102726. https://doi.org/10.1016/j.jobe.2021.102726.

9. Pan, Y; Zhang, L. A BIM-data mining integrated digital twin framework for advanced project management. Autom. Constr.
2021, 124, 103564. https://doi.org/10.1016/j.autcon.2021.103564.

10. Lee, D.; Lee, S.H.; Masoud, N.; Krishnan, M.S,; Li, V.C. Integrated digital twin and blockchain framework to support accounta-
ble information sharing in construction projects. Autom. Constr. 2021, 127, 103688. https://doi.org/10.1016/j.autcon.2021.103688.

11.  Tuhaise, V.V,; Tah, ].H.M.; Abanda, F.H. Technologies for digital twin applications in construction. Autom. Constr. 2023, 152,
104931. https://doi.org/10.1016/j.autcon.2023.104931.

12. Hua, Y.; Kang, M.; Yao, H.; Fu, Y. How to Foster Project Organization Resilience in the Construction Industry: The Role of Data
Governance Capabilities. Buildings 2025, 15, 1219. https://doi.org/10.3390/buildings15081219.

13. Miranda, S.L.C.; Castillo, E.D.R.; Gonzalez, V.; Adafin, ]. Predictive analytics for early-stage construction costs estimation. Build-

ings 2022, 12, 1043. https://doi.org/10.3390/buildings12071043.

https://doi.org/10.3390/buildings16132527


https://doi.org/10.3390/buildings16132527

Buildings 2026, 16, 2527 37 of 37

14.

15.

16.

17.

18.
19.

20.

21.

22.

23.

24.

25.

26.

Ashtari, M.A.; Ansari, R.; Hassannayebi, E.; Jeong, J. Cost overrun risk assessment and prediction in construction projects: A
Bayesian network classifier approach. Buildings 2022, 12, 1660. https://doi.org/10.3390/buildings12101660.

Xie, W.; Deng, B.; Yin, Y.; Lv, X,; Deng, Z. Critical factors influencing cost overrun in construction projects: A fuzzy synthetic
evaluation. Buildings 2022, 12, 2028. https://doi.org/10.3390/buildings12112028.

Abdel-Monem, M.; Alshaer, K.T.; El-Dash, K. Assessing risk factors affecting the accuracy of conceptual cost estimation in the
Middle East. Buildings 2022, 12, 950. https://doi.org/10.3390/buildings12070950.

AlTalhoni, A; Liu, H.; Abudayyeh, O. Forecasting construction cost indices: Methods, trends, and influential factors. Buildings
2024, 14, 3272. https://doi.org/10.3390/buildings14103272.

da Mata, A.S. Complex networks: A mini-review. Braz. ]. Phys. 2020, 50, 658-672. https://doi.org/10.1007/s13538-020-00772-9.
Rai, K.A.; Machkour, M.; Antari, J. Influential nodes identification in complex networks: A comprehensive literature review.
Beni-Suef Univ. ]. Basic Appl. Sci. 2023, 12, 18. https://doi.org/10.1186/s43088-023-00357-w.

Xi, Y.; Cui, X. Identifying influential nodes in complex networks based on information entropy and relationship strength. En-
tropy 2023, 25, 754. https://doi.org/10.3390/e25050754.

Al Musawi, A.F.; Roy, S.; Ghosh, P. Examining indicators of complex network vulnerability across diverse attack scenarios. Sci.
Rep. 2023, 13, 18208. https://doi.org/10.1038/s41598-023-45218-9.

Liu, X,; Li, D; Ma, M., Szymanski, B.K, Stanley, H.E.; Gao, J. Network resilience. Phys. Rep. 2022, 971, 1-108.
https://doi.org/10.1016/j.physrep.2022.04.002.

Qi, X.; Mei, G. Network resilience: Definitions, approaches, and applications. J. King Saud Univ. Comput. Inf. Sci. 2024, 36, 101882.
https://doi.org/10.1016/j.jksuci.2023.101882.

Artime, O.; Grassia, M.; De Domenico, M.; Gleeson, J.P.; Makse, H.A.; Mangioni, G.; Perc, M.; Radicchi, F. Robustness and
resilience of complex networks. Nat. Rev. Phys. 2024, 6, 114-131. https://doi.org/10.1038/s42254-023-00676-y.

Hu, M; Nippala, E.; Kallioharju, K.; Pelsmakers, S. Monte Carlo simulation approach to understand the cost variance for energy
retrofit projects: Comparative study of Finland and the United States. Comstr. Manag. Econ. 2022, 40, 207-222.
https://doi.org/10.1080/01446193.2022.2034906.

Canesi, R.; Gabrielli, L.; Marella, G.; Ruggeri, A.G. Probabilistic risk assessment framework for cost overruns predictions in
infrastructure projects using randomized simulations. Comput. Aided Civ. Infrastruct. Eng. 2025, 40, 4774-4796.
https://doi.org/10.1111/mice.70100.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual au-

thor(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/buildings16132527


https://doi.org/10.3390/buildings16132527


    S  d e p   ( k )


    S  f r e q   ( k )


    S  i m p a c t   ( k )


    S  r e l   ( k )


  k


  e


  k


        S  e   ( k ) =     S  d e p   ( k ) +   S  f r e q   ( k ) +   S  i m p a c t   ( k ) +   S  r e l   ( k ) 4


    S  e   ( k )


  e


  k


    S  d e p   ( k )


    S  f r e q   ( k )


    S  i m p a c t   ( k )


    S  r e l   ( k )


      S  e ‾ =  1  K   ∑  k = 1  K    S  e   ( k )


  K


    w  e =       S  e ‾ 5


  C V


  C   V  e =     𝜎  e      S  e ‾


    𝜎  e


  e


      S  e ‾


      𝑺  𝒆 ‾


    𝒘  𝒆


  G = ( V , E , W )


  V = {   v 1 ,   v 2 , ⋯   ,   v  n }


  E = {   e 1 ,   e 2 , ⋯   ,   e  m }


  W = (   w  i j  )  n × n


    v  i


    v  j


  A = (   a  i j  )  n × n


    a  i j =  {    1 ,  if a cost data transmission relationship exists from    v  i  to    v  j   0 ,  otherwise


    a  i j = 1


     w  i j ∈ ( 0 , 1 ]


    a  i j = 0


    w  i j = 0


    d  i j =  1    w  i j


    d  i j


    v  i


    v  j


    D  i  o u t =   ∑  j = 1  n    w  i j


    D  i  i n =   ∑  j = 1  n    w  j i


    D  i =   D  i  o u t +   D  i  i n


  B   C  i =   ∑  s ≠ i ≠ t      𝜎  s t ( i )    𝜎  s t


    𝜎  s t


  s


  t


    𝜎  s t ( i )


  i


  P   R  i =   1 − d  n + d   ∑  j ∈   M  i      w  j i    ∑  k ∈   O  j    w  j k P   R  j


  P   R  i


  i


  d


    M  i


  i


    O  j


  j


    w  j i


  j


  i


    x  i


      x  i ‾ =     x  i − min ⁡ ( x )  max ⁡ ( x ) − min ⁡ ( x )


    I  i = 𝛼     D  i ‾ + 𝛽   B   C  i ‾ + 𝛾   P   R  i ‾


    I  i


  i


      D  i ‾


    B   C  i ‾


    P   R  i ‾


  𝛼


  𝛽


  𝛾


  𝛼 = 𝛽 = 𝛾 =  1 3


  i


  j


    d  i j ∗


  E ( G ) =  1  n ( n − 1 )   ∑  i ≠ j   1    d  i j ∗


  n


  i


  j


    v  i


  G


    G  − i


    v  i


    L  i =   E ( G ) − E (   G  − i )  E ( G ) × 100 %


    L  i


    v  i


  E ( G )


  E (   G  − i )


    v  i


    L  i


    v  i


  n


    v  i →   v  j


  r


    w  i j   ( r ) = min ⁡  { 1 , max ⁡  [ 0 ,   w  i j ( 1 +   𝜂  i j ) ] }


    𝜂  i j ∼ U ( − 𝜃 , 𝜃 )


    𝜂  i j


  𝜃


  𝜃


  Δ   E  𝜃 =   E ( G ) −     E  𝜃 ‾  E ( G ) × 100 %


      E  𝜃 ‾


  𝜃


  p


  r


    w  i j   ( r ) =  {    0 ,  if edge    v  i →   v  j  fails     w  i j ,  if edge    v  i →   v  j  remains normal


  p


  Δ   E  p =   E ( G ) −     E  p ‾  E ( G ) × 100 %


      E  p ‾


  p


  R ( q ) =   E (   G  q )  E ( G )


  q


    G  q


  q


  E ( G )


  E (   G  q )


  R ( q )


  R ( q )


    G  f


  Δ   E  f =   E (   G  f ) − E ( G )  E ( G ) × 100 %


    G  f


  E (   G  f )


  E ( G )


    R  t =   E (   G  t )  E ( G )


    R  t


  t


    G  t


  t


  E (   G  t )


  E ( G )


    R  t


    R  t


  t


    L  t =   E ( G ) − E (   G  t )  E ( G ) × 100 %


    L  t


  t


    R  t


    L  t


    d  i j =  1    w  i j


    d  i j = − l n (   w  i j )


    d  i j =  1     w  i j


  E ( G ) = 0 . 1858


  𝛼


  𝛽


  𝛾


  𝜶


  𝜷


  𝜸


  𝛼


  𝛽


  𝛾


    d  i j = − l n (   w  i j )


    d  i j =  1     w  i j


    d  i j =  1     w  i j


    d  i j = − l n (   w  i j )

