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Abstract

With its advantages such as large capacity, punctuality and low environmental impact,
the metro has become one of the primary means of alleviating urban traffic congestion.
However, safety accidents still occur frequently during the construction of metro deep
foundation pits. A review of domestic and international studies reveals that safety risk
management for metro deep foundation pit construction remains insufficient, particularly in
terms of comprehensive risk identification, analysis of risk interrelationships and systematic
risk assessment. To improve the level of safety risk management in metro deep foundation
pit construction, this study analyzes safety risk factors using Chinese word segmentation,
AHP, ISM, and MICMAC methods. Based on text mining and literature review, a case
database comprising 156 metro deep foundation pit construction safety accidents reports
was established and integrated into a unified text corpus. Chinese word segmentation was
then performed on the corpus, and through risk interpretation combined with relevant
standards and codes, 29 safety risk factors were identified and classified into five categories:
technology, management, material, personal and environment. On this basis, 22 main safety
risk factors were extracted using the AHP method. The results indicate that management-
related factors constitute the most critical type of safety risk. Subsequently, the ISM
method was employed to identify the interactions among the main safety risk factors and
to construct a five-level hierarchical model, in which the top level contains nine safety
risk factors, while the bottom level consists of two factors. Through MICMAC analysis,
the safety risk factors were classified into three categories, based on which a safety risk
management framework for metro deep foundation pit construction was established, and
specific control measures were proposed for six representative safety risk factors.

Keywords: safety risk; metro deep foundation pit; risk identification; systematic analysis

1. Introduction
Since the beginning of the twenty-first century, Chinese urbanization has been ad-

vancing steadily, and the number of people living and working in large cities has been
increasing year by year. With the continuous growth of the urban population, traditional
ground transportation modes have become increasingly unable to meet the rapidly rising
travel demand. In order to alleviate the traffic pressure brought about by urbanization,
city planners have sought to divert traffic demand from surface roads by developing
three-dimensional transportation systems and urban metro networks. As a new mode
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of urban mass transit for easing traffic congestion, the metro offers advantages such as
high safety, large passenger capacity, low energy consumption and emissions, and high
operating speed, and has gradually become one of the main measures for mitigating urban
traffic pressure. By the end of 2023, according to statistics from the China Association
of Metros, 58 cities in mainland China had opened urban rail transit lines, with a total
operating mileage of 12,160.77 km. Among these, metro lines accounted for 9306.09 km,
representing as much as 76.53% of the total mileage, and the annual operating mileage has
been increasing at a rate of more than 10%.

Chinese metro construction has developed for only just over fifty years. Compared
with the century-long development history of metro systems in many developed countries
in Europe and North America, Chinese metro construction is still at a relatively early stage,
and problems such as a shortage of specialized professionals and incomplete engineering
databases remain. As a critical component of metro projects, metro stations are typically
constructed through deep foundation pit works characterized by large excavation depths,
complex geological conditions, a high degree of concealment and long construction periods.
These features greatly increase the uncertainty of construction safety and have led to the
frequent occurrence of safety accidents during construction [1]. Over the past decade,
according to incomplete statistics, more than 100 safety accidents have occurred during
metro deep foundation pit construction in China, resulting in substantial economic losses
and casualties, as well as generating serious negative social impacts. As an important
component of metro projects, deep foundation pit construction is closely influenced by local
hydrogeological conditions, adopted construction methods and the layout of underground
utilities. During the construction process, irregular operations and improper command by
technical and managerial personnel may also occur. The interaction among these factors
further increases the likelihood of safety accidents, ultimately leading to human casualties
and significant economic losses [2].

Metro deep foundation pit projects are characterized by complex construction features.
Their safety risk management involves numerous safety risk factors and highly intricate
interaction relationships, which jointly give rise to considerable and hardly predictable
uncertainties in the construction process. The safety of metro deep foundation pit con-
struction is influenced by multiple risk factors that exhibit varying degrees of dependence
and interactive feedback effects. Conventional linear analysis models have inherent limi-
tations in addressing these characteristics and therefore fail to provide a comprehensive
analysis of metro deep foundation pits as a complex system. Based on an extensive re-
view of the literature related to this topic, two key issues are identified that still warrant
further investigation:

1. What are the main factors affecting the safety risks in metro deep foundation
pit construction?

2. What are the interrelationships among these main safety risk factors?

This research aims to identify the risk factors affecting the safety of metro deep founda-
tion pit construction, extract the main safety risk factors, and explore the interrelationships
among these factors. This study also conducts a classification of these factors and proposes
targeted response strategies to improve the safety risk management level of metro deep
foundation pit construction. The structure of the article is as follows: Section 1 presents the
background of the research and the existing problems. Section 2 provides an overview of
the literature related to safety risks in metro deep foundation pit construction. Section 3
elaborates on the research framework and methodology adopted in this study. Section 4
analyzes the research data. Section 4 discusses the research results and safety risk response
strategies. Section 6 concludes this study.
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2. Related Work
2.1. Related Studies on Safety Risk Identification

Risk management originated in the United States and was initially applied in corporate
management and the insurance industry. In 1974, Professor Einstein in the United States
introduced risk management into tunnel engineering. Subsequently, risk management
began to flourish in the fields of underground and tunnel engineering, yielding fruitful
research results. With the rapid construction and development of urban rail transit systems
worldwide, construction accidents have caused severe casualties and substantial losses,
and the issue of construction safety in metro projects has attracted increasing attention.
A large number of scholars have carried out studies on risk identification for metro deep
foundation pit construction, mainly determining safety risk factors through questionnaire
surveys, expert interviews, literature reviews and accident statistics. For example, Zhang
et al. conducted questionnaire surveys and expert interviews with five stakeholder groups
involved in metro construction and identified eight major safety risk factors affecting metro
construction [3]. Xing made the knowledge of safety risks in metro construction explicit
by developing a domain ontology (SRI-Onto) and, using a five-step ontology construction
method, classified the knowledge into seven categories, thereby providing a structured
knowledge base for safety risk identification [4]. Liu, based on fault tree analysis, identified
the causal factors of safety accidents in metro deep foundation pit construction, which
improved the accuracy of hazard analysis for such projects [5].

Li employed a back-propagation (BP) neural network to identify safety risk factors in
metro construction and categorized them into groups such as human-related factors and
management-related factors [6]. Zhang established a dynamic risk factor identification
model that can, among numerous potential risk factors, identify possible safety risks in real
time and, by using real-time construction data, rank the risk levels of metro construction
safety risk factors at specific points in time [7]. Seo took underground construction projects
in Korea as the research object and used safety checklists to identify safety risk factors in
the construction process [8]. A Canadian infrastructure report constructed a risk indicator
system for metro construction from multiple perspectives, including structural, economic
and social dimensions [9]. Xu extracted 37 safety risk factors from 221 metro construction
accident reports by refining the feature parameters used in text mining, and the results
showed that employing TF-H as the feature parameter could significantly improve the
performance of word segmentation [10]. Tang applied text-mining techniques to analyze
on-site inspection reports of Wuhan metro projects, used TF-IDF as the feature parameter
to screen high-frequency terms and, in combination with local codes, established a set
of safety risk factors for metro construction [11]. Deng adopted data-mining methods
to identify 13 accident types and 48 causal factors from 274 metro safety accidents in
China and extracted 204 causal relationships among them [12]. Based on a dataset of
562 metro construction accidents, Liang designed a domain-specific named entity recogni-
tion model to identify safety risk factors in the metro construction process [13]. Integrating
knowledge management with BIM, Chen proposed a safety risk identification method for
deep foundation pit construction, in which the topological relationships among BIM objects
are extracted and visualized in the form of a knowledge graph [14]. Zhang proposed an
automatic safety risk identification method based on a semantic data model using BIM
and the IFC standard, and tested the construction risk identification prototype within a
BIM environment [15]. Hao identified 23 major risk factors in metro deep foundation pit
construction on the basis of six main types of risk accidents, and determined the weights of
the risk indicators by calculating the centrality of each factor using the Grey-DEMATEL
method [16].
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2.2. Related Studies on Risk Analysis and Assessment

In the field of safety risk analysis and assessment, most studies have adopted a variety
of methods to conduct qualitative and/or quantitative evaluations, including the analytic
hierarchy process (AHP), fault tree analysis (FTA), interpretive structural modeling (ISM),
system dynamics (SD), Bayesian networks (BN), fuzzy set theory, finite element simulation
and machine learning algorithms. Huang established a safety risk factor system for metro
deep foundation pit construction and developed a safety risk coupling network model
using coupling mechanism analysis and complex network theory. The key risk factor nodes
were identified through network efficiency measurement, and corresponding response
measures were proposed [17]. Wu proposed a multi-source data fusion approach based on
the cloud model (CM) and an improved Dempster–Shafer evidence theory, which enables
accurate assessment of collapse risks in metro deep foundation pits [18]. Shen developed a
comprehensive risk assessment index system for metro deep foundation pit construction
based on a three-stage fuzzy comprehensive evaluation model and applied this system
to the Qingdao Metro Line 3 project [19]. By integrating actual monitoring data, Shi and
Yu employed MIDAS GTS/NX to analyze the evolution of displacement and structural
deformation during metro deep foundation pit construction, thereby further evaluating
and predicting the safety state of the construction process [20,21]. Valipour, based on the
SWARA–COPRAS method, developed a risk assessment framework for deep foundation
pit construction and validated it using an actual project in Iran. The results demonstrate
that this framework overcomes the limitations of traditional methods and improves the
accuracy of risk assessment [22].

Zhou developed a Bayesian network model for safety risks in metro deep foundation
pit construction and conducted dynamic safety risk assessments by integrating real-time
on-site data [23]. Wei proposed a safety risk evaluation method for metro deep foundation
pit construction grounded in fuzzy evidential reasoning. In this method, the expected levels
of risk are first defined; then a fuzzy analytic hierarchy process is applied to determine the
weights of safety risk factors, and the overall safety risk level of the project is evaluated by
aggregating probability mass and adopting a belief redistribution scheme [24]. Samantra
employed fuzzy set theory to analyze rail transit construction projects, classified risk factors
using a risk matrix and related tools, and quantified the risk level in terms of the likelihood
of occurrence and the severity of consequences [25]. Patapova established a safety risk
evaluation model for metro deep foundation pit construction based on a cascade model,
with the aim of improving the accuracy of safety risk assessment and providing support
for safety management decision-making [26]. By combining rough set theory with the
catastrophe progression method, He constructed a safety risk evaluation model for metro
deep foundation pit construction that calculates the probability of accident occurrence
while explicitly considering the interactions among safety risk factors, and performed
probability estimation through an actual engineering case study [27]. Zhou developed a
safety status prediction model for metro deep foundation pit construction based on the
random forest algorithm. To improve the model’s effectiveness, real-time monitoring data
were used as inputs to explore the unknown relationship between the monitoring values
and the safety risks within the pit [28]. Dong integrated the Delphi survey method with
machine learning techniques to establish a water inrush risk evaluation model for metro
construction [29]. Shen employed the TF-IDF algorithm and TextRank algorithm to extract
the causes of accidents from the reports. The NBN and TAN were then improved for
inference to identify the key risk factors [30]. Fu developed a general modeling and analy-
sis program for the interaction of safety risks in metro deep foundation pit construction,
based on association rule mining and weighted network theory [31]. Huang systematically
analyzed the interactions among risk factors by applying complex network theory [32].
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Zhou used a support vector machine (SVM) to identify potential safety risks that may arise
during metro deep foundation pit construction and verified the accuracy of this method
through a case study [33]. Li took simultaneously excavated foundation pits as the research
object and analyzed the deformation patterns of metro deep foundation pit construction
under different conditions, thereby providing a reference for subsequent research [34]. Fu
constructed an interaction network of safety risk factors for metro deep foundation pit
projects by integrating association rule mining and link prediction methods [17]. Zhang
developed a numerical model to quantitatively evaluate the impacts of cut-and-cover con-
struction on adjacent structures, predicted ground surface settlement during construction
through numerical simulation, and proposed preventive measures to mitigate foundation
pit safety accidents [35]. Zhou accounted for the randomness and fuzziness of safety risk
factors in metro foundation pits and proposed an improved CRITIC–Cloud model by
integrating variation-based weighting coefficients, absolute correlation adjustment, and
multidimensional cloud modeling with evidence theory, thereby achieving more accurate
risk assessment results [36].

3. Methodology
The research presented in this paper consists of three main parts: identification of

safety risk factors in metro deep foundation pit construction, extraction of main safety
risk factors, and systematic analysis of the interactions among safety risk factors. With
respect to the identification of safety risk factors, traditional studies generally rely on
literature reviews to extract relevant risks. However, risk factors identified in this manner
are highly subjective and may suffer from omissions. Therefore, this study identifies
safety risk factors based on accident investigation reports. Safety risks extracted from
accident reports are relatively objective, and on this basis, the subsequent extraction of
main safety risk factors and the systematic analysis of their interactions are more convincing
and reliable. To achieve the research objectives, this paper investigates the safety risks
associated with metro deep foundation pit construction by integrating a literature review,
web crawling, Chinese word segmentation, AHP, ISM and MICMAC analysis. First, a safety
risk corpus is established through literature retrieval and web crawling, and a set of safety
risk factors is constructed by performing Chinese word segmentation in combination with
relevant technical standards and specifications. Second, the main safety risk factors are
extracted using AHP. Subsequently, ISM is employed to explore the interaction relationships
among these main safety risk factors. MICMAC was used to classify the main safety risk
factors, and corresponding management strategies were proposed. Compared with the
current state-of-the-art studies, the integrated application of web crawling, Chinese word
segmentation, AHP, ISM, and MICMAC enables a more objective and efficient system-level
analysis of safety risks in metro deep foundation pit. The technical path of this study is
shown in Figure 1.
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Figure 1. Research technical path.

3.1. Chinese Word Segmentation

Chinese word segmentation transforms unstructured text into a sequence of discrete
lexical items. In general, segmentation methods can be categorized into three main types:
dictionary-based algorithms (e.g., FMM, RMM), statistics-based algorithms (e.g., HMM,
ME) and semantics-based algorithms (e.g., RNN, LSTM) [11]. Through a comparative
analysis of various segmentation tools and a review of related studies, it was found that
the Jieba segmentation package offers relatively high segmentation speed and satisfactory
segmentation performance, is well suited to the Python language, and allows users to
customize dictionaries for segmentation and statistical analysis. Therefore, this study
adopts the Jieba package as the segmentation tool. The Chinese word segmentation
procedure in this study consists of the following four steps:

(1) Construction of the safety risk corpus: On the basis of accident reports collected
through literature review and web crawling, textual descriptions related to the acci-
dent process were manually selected and obvious errors were corrected. These texts
were then consolidated into a single document to establish a safety risk corpus for
metro deep foundation pit construction.

(2) Development and application of the safety risk lexicon: When using the default
dictionary of the Jieba segmentation package, the segmentation performance was
unsatisfactory, and some domain-specific terms were improperly split, which would
affect the accuracy of subsequent risk identification. Therefore, to ensure the accuracy
of Chinese word segmentation, it is necessary to develop a safety risk lexicon.
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(3) Feature parameter calculation: Feature parameters are used to filter the segmented
keywords. In this study, three main feature parameters are adopted, namely Term
Frequency, (Inverse) Document Frequency and Term Frequency–Inverse Document
Frequency. Let the segmented safety risk corpus for metro deep foundation pit
construction be denoted by D, an individual accident report by Di, and a risk term by
wi, then:

D =
{

D1, D2, D3, . . . , Dj, . . . , Dm
}

(1)

Di = {w1, w2, w3, . . . , wi, . . . , wn} (2)

1. Term Frequency (TF)
The term frequency indicates how often a given risk term appears in an accident report

and can be expressed as:

TFi =
ni

K
∑

k=1
nk

(3)

where ni denotes the frequency with which the safety risk term wi appears in the accident
report, and K represents the total number of safety risk terms contained in that report.
Given that this study focuses on the occurrence frequency of safety risk terms in the entire
corpus, all accident reports are treated as a whole, and the TF value is thus revised to
represent the frequency with which a safety risk term appears in the corpus:

TFi = ni (4)

2. Document Frequency/Inverse Document Frequency (DF/IDF)
To account for the influence of differences in accident report length and other factors

on the frequency of safety risk terms, document frequency is introduced to describe the
number of texts in which a given safety risk term appears. Denoted by DF, it is defined as:

DFi =
M

∑
i=1

xj xj =

{
1, wi ∈ Dj

0, wi /∈ Dj
(5)

The fewer times a safety risk term appears across different accident reports, the smaller
its document frequency and the greater its distinctiveness. Following related studies, the
IDF is commonly used to characterize the degree of distinctiveness of safety risk terms and
is defined as:

IDFi = ln
|D|
DFi

(6)

where |D| denotes the total number of safety accident reports in the corpus.
3. Term Frequency-Inverse Document Frequency (TF–IDF)
For safety risk terms, the combination of TF and IDF allows them to be classified into

four categories: feature terms with high TF and high IDF, high-frequency terms with high
TF and low IDF, common terms with low TF and high IDF, and low-frequency terms with
low TF and low IDF. TF–IDF is a commonly used weighting scheme in current research;
essentially, it is obtained by multiplying the TF value by the IDF value and is defined as:

TF − IDFi = TFi × IDFi (7)

(4) Feature term selection and construction of the safety risk factor set

In this study, TF–IDF is adopted as the feature parameter for selecting characteristic
terms. First, high-frequency terms are filtered according to their TF–IDF values. Then,
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through manual screening, high-frequency terms that embody safety risk semantics in the
context of metro deep foundation pit construction are extracted, and an initial set of safety
risk factors is established based on semantic interpretation.

3.2. Analytic Hierarchy Process

The analytic hierarchy process (AHP) is an operations research method proposed in
1971 by Professor T. L. Saaty of the University of Pittsburgh, which applies hierarchical
weighting to support decision-making [37]. The fundamental idea of AHP is to decompose
a complex problem into several constituent factors and group these factors according to
their dominance relationships, thereby forming an ordered hierarchical structure. On
this basis, qualitative judgments are converted into quantitative weights to determine the
relative importance of each factor within its level, and the overall weights are obtained
through aggregation. The basic procedure of AHP consists of the following four steps:

(1) Construct the hierarchical analysis model: Based on an analysis of the factors that
influence the research objectives, the evaluation criteria are decomposed from top to
bottom, identifying the corresponding criterion-level and indicator-level factors to
form a progressive hierarchical structure.

(2) Construct the judgment matrix: The judgment matrix represents the results of pairwise
comparisons of the relative importance of the factors at the criterion-level or the
indicator-level factors within the same criterion layer. Using the “1–9 scale method,”
experts assign scores to determine the relative importance of each pair of indicators.
Typically, the judgment matrix D is constructed by calculating the average score given
by each expert.

D =
{

dij|i, j = 1, 2, . . . , n
}

(8)

(3) Calculation of relative weights: The judgment matrix is normalized by columns, and
the sum is calculated to obtain the standard matrix F. The standard matrix is then
row-sum and normalized to obtain the weight matrix W, which provides the relative
weights of the factors within the same level.

F =

{
fij =

n

∑
i=1

dij|i, j = 1, 2, . . . , n

}
(9)

W = {wi|i, j = 1, 2, . . . , n} (10)

(4) Consistency test: Since the process of pairwise comparisons and scoring is inevitably
influenced by subjective factors, a consistency test is required to ensure the rationality
of the results. Typically, the consistency ratio (CR) is used for this purpose. If the CR
value is less than 0.1, the results are considered valid.

CR =
CI
RI

=
λmax − n
(n − 1)RI

(11)

where λmax represents the maximum eigenvalue of the judgment matrix, and the value of
RI is related to the order of the matrix.

(5) Actual weight calculation: By calculating the judgment matrices for the criterion
layer and the corresponding indicator layers under each criterion, the weight of the
criterion factors and the relative weights of the factors at different indicator layers can
be determined. The actual weights of each indicator factor are then obtained through
weighted calculation, as follows:
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wa
ij = wa

i wr
ij (12)

where wa represents the actual weight, and wr represents the relative weight.

3.3. Interpretative Structural Modeling

Interpretive Structural Modeling (ISM) is an analytical model developed by Professor
Warfield in 1973 that uses an intuitive system with well-defined structural relationships to
explain complex socio-economic issues [38]. Interpretive Structural Modeling (ISM) is a
type of conceptual model used to combine both quantitative and qualitative methods for
analyzing the structure of complex systems. It can transform fuzzy system concepts that
are difficult to measure directly into a system structure that is more suitable for analysis.
ISM is applicable across various fields and, by leveraging human experiential knowledge
and computational capabilities, it decomposes a complex system into different subsystems.
It then analyzes the direct and indirect relationships among the elements, constructing a
multi-level hierarchical model based on directed graphs and matrix structures. Generally,
ISM includes the following six steps:

(1) Formation of the expert panel: The panel typically consists of 5 to 10 members, and it
is important that the members are actively engaged with the problem at hand. Experts
with diverse perspectives should be included to ensure a broad range of viewpoints.

(2) Identification of system elements: The key elements of the system are determined
through methods such as literature review and questionnaire surveys. In this study,
the key system elements are the main safety risk factors in metro deep foundation pit
construction, which were selected through AHP analysis.

S = {Si|i = 1, 2, . . . , n} (13)

where Si represents the i-th element in the system.

(3) Matrix operations: Each member of the expert panel evaluates the direct relationships
between the elements, determining whether a direct relationship exists between each
pair of elements, and constructs the adjacency matrix A. The adjacency matrix A is
then added to the identity matrix I to obtain the product matrix B. Finally, Boolean
algebra operations are applied to the product matrix to derive the final reachability
matrix R.

A =
{

aij = 0 or 1|i, j = 1, 2, . . . , n
}

(14)

B = (A + I) ̸= (A + I)2 ̸= . . . ̸= (A + I)k−1 = (A + I)k = R (15)

In this matrix, a value of aij = 0 indicates that factor Si does not directly influence factor
Sj, while a value of aij = 1 indicates that factor Si directly influences factor Sj.

(4) Parameter calculation and region partitioning: For each system element, the reach-
ability set (R(Si)) and the antecedent set ((A(Si)) are calculated. The reachability set
refers to the set of elements that can be reached by a given element, corresponding
to the elements in the row of the reachability matrix for that particular element. The
antecedent set refers to the set of elements that can reach a given element, correspond-
ing to the elements in the column of the reachability matrix for that element. Based on
the calculation of the reachability and antecedent sets for each system element, their
intersection is determined. If the intersection equals the antecedent set, the system
element is considered part of the common set. The intersection of the reachability
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sets of all common set elements is then calculated; if the intersection is non-empty, it
indicates that the system has only one connected domain.

(5) Hierarchy division: Before performing the hierarchy division, the concept of the
highest-level element must be introduced. A highest-level element is defined as one
for which no higher-level element can reach it, as follows:

H = {Si ∈ N|R(Si)∩A(Si) =R(Si)} (16)

Using the definition of the highest-level element, the highest-level elements in the
system are identified. Then, the rows and columns corresponding to the highest-level
elements are crossed out in the reachability matrix. The definition of the highest-level
element is applied again to determine the next highest-level element, and this process
continues until the hierarchy of all system elements is determined.

(6) Structure model construction: After determining the hierarchy of system elements,
strongly connected elements at the same level are merged, and the reduced reachability
matrix is sorted. Directed arrows are then drawn from lower-level elements to higher-
level elements according to the relationships in the reachability matrix. It is important
to note that there may be directional relationships spanning multiple levels. If there
are already directed arrows from adjacent levels pointing to a multi-level element,
additional arrows for cross-level relationships do not need to be drawn.

3.4. Matrice D’Impacts Croisés–Multiplication Appliquée à Un Classement

MICMAC (Matrice d’Impacts Croisés–Multiplication Appliquée à un Classement)
is a system analysis method developed by Duperrin et al. in 1973 for analyzing the
interrelationships among system elements [39]. This method classifies the driving power
and dependence power of different factors through the principle of matrix multiplication,
and studies the degree of influence among these factors by examining the reachability paths
and hierarchical cycles of their relationships. In ISM analysis, the reachability matrix is
derived from the adjacency matrix using the matrix multiplication principle, making the
MICMAC method a common complement to the ISM approach. Driving power refers to the
number of other elements that a system element can reach, represented in the reachability
matrix as the sum of the elements in the corresponding row, as shown in Equation (17).
Dependence refers to the number of elements that can reach a given system element,
represented in the reachability matrix as the sum of the elements in the corresponding
column, as shown in Equation (18).

Di =
n

∑
j=1

rij (17)

Dj =
n

∑
i=1

rij (18)

Through MICMAC analysis, and based on the magnitude of driving power and depen-
dence, the system elements can be classified into four types: autonomous elements, which
have weak interactions with other system elements; linkage elements, which have strong in-
teractions with other system elements; dependent elements, which are strongly influenced
by other factors; and driving factors, which exert a strong influence on other elements.
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4. Results and Analysis
4.1. Identification of Initial Safety Risk Factors Based on Chinese Word Segmentation

This study collected safety accident reports on metro deep foundation pit construction
by combining literature review and web crawling, and, after preprocessing, established a
safety risk corpus for metro deep foundation pit construction. In accordance with the Regu-
lations on the Reporting, Investigation, and Handling of Production Safety Accidents and related
provisions, main safety accident reports concerning metro deep foundation pit construction
are primarily disclosed on the official websites of governmental authorities such as the
Ministry of Emergency Management and the Ministry of Housing and Urban–Rural Development,
while relevant information is also disseminated through news media platforms. In addition,
a substantial body of research on construction safety risk management in urban rail transit
projects has been conducted, and detailed safety accident case information can also be
obtained from academic publications indexed in databases such as CNKI and Wanfang.

Considering that accident reports released on official government websites are less
prone to bias and provide relatively objective descriptions of accident facts, this study
selected the official websites of the Ministry of Emergency Management, the Ministry of
Housing and Urban–Rural Development, and the Safety Management Network as the primary
target sources. Keywords such as “urban rail transit,” “metro deep foundation pit,” “safety
risk,” and “metro construction safety accident” were used to retrieve relevant reports
published after the year 2000. In addition, databases including CNKI and Wanfang were
searched using the same keywords. Relevant articles were identified through keyword
retrieval and manual screening. After downloading the selected publications, accident
information was manually extracted from the appendices of the papers. Furthermore,
specific accident reports related to metro deep foundation pit construction were obtained
through supplementary searches conducted via the “Baidu” search engine.

In total, 156 accident cases were obtained and used as the case base for safety risk
analysis. Some representative accident reports are listed in Table 1. On this basis, textual
descriptions related to the accident process were manually extracted, obvious errors were
corrected and the processed texts were merged into a single document to form the safety
risk corpus for metro deep foundation pit construction.

Table 1. Case base of safety accidents (partial).

No. Time Location DOI of Accident Report

1 4 July 2019 Qingdao Metro Line 1
Shengliqiao Station

http://www.safehoo.com/News/News/
China/201907/1570206.shtml

(accessed on 12 November 2025)

2 27 August 2019 Shenzhen Metro Line 10 Mugu
Station

http://www.safehoo.com/News/News/
China/201908/1576031.shtml

(accessed on 12 November 2025)

3 7 December 2020 Nanjing Metro Line 7 Fujian
Road Station

http://js.people.com.cn/gb/n2/2020/1207
/c360303-34460377.html

(accessed on 12 November 2025)
. . . . . . . . .

The safety risk lexicon for metro deep foundation pit construction mainly consists
of two parts, namely a safety risk domain-specific lexicon and a safety risk stop-word
lexicon, as shown in Figure 2. The “Civil Engineering and Architecture” general dictionary
was downloaded from Google input-method, and the “Safety Engineering”, “Specialized
Lexicon for Work Safety”, “Building Structures” and “Construction Site Expressions”
dictionaries were downloaded from the Sogou input-method lexicon. These resources
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together constitute the basic vocabulary for the domain-specific safety risk lexicon for
metro deep foundation pit construction. In addition, given the characteristics of safety
risk management for metro deep foundation pit construction, certain domain-specific
terms, fixed collocations and combined line names are not covered by existing dictionaries,
and some new terms can be formed by combining basic words. Based on the results
of the default segmentation, these terms are supplemented and recombined to define
customized domain-specific vocabulary items, as shown in Supplementary Materials. The
downloaded and self-defined terms are then converted into a “.txt” file to construct the
specialized safety risk lexicon “FXZY_dict.txt”, which serves as the domain-specific safety
risk lexicon for metro deep foundation pit construction and improves the performance of
word segmentation.

Figure 2. Composition of the safety risk lexicon.

The Modern Chinese Function Word Dictionary and a Chinese Stop-Word List were
downloaded. In combination with related studies, some descriptive terms were manually
defined as stop words. To reduce the influence of information related to stations and
lines, the names of cities, lines and stations appearing in the corpus were also treated
as stop words, as shown in Supplementary Materials. The downloaded and customized
terms were then converted into a “.txt” file to construct the safety risk stop-word lexicon
“FXTY_word.txt”, which serves as the stop-word lexicon for metro deep foundation pit
construction safety risk analysis and improves the effectiveness of word segmentation.

By incorporating the safety risk lexicon, the accuracy of Chinese word segmentation
is improved. Taking a sample sentence from the corpus as an example, the segmentation
results under different lexicon configurations are presented in Table 2.
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Table 2. Example of word segmentation results.

No. DOI of Accident Report

Original sentence The construction workers have weak safety awareness and illegally enter the dangerous hoisting area
when the crane is hoisting mortar.

Jieba segmentation The/construction/workers/have/weak/safety/awareness/and/illegally/enter/the/dangerous
/hoisting/area/when/the/crane/is/hoisting/mortar/./

Jieba segmentation +
Domain-Specific lexicon

The construction workers/have/weak/safety aware-
ness/and/illegally/enter/the/dangerous/hoisting/area/when/the/crane/is/hoisting/mortar/./

Jieba segmentation +
Domain-Specific

lexicon + Stop-Word
lexicon

The construction workers/weak/safety
awareness/illegally/enter/dangerous/hoisting/area/crane/hoisting/mortar/

After performing Chinese word segmentation with the aid of the safety risk lexicon,
2206 candidate feature terms were obtained, and their TF, IDF and TF–IDF values were
calculated according to the corresponding feature parameter formulas. In this study, TF–
IDF is adopted as the feature selection criterion. To extract high-frequency terms, the
ABC classification method is applied to identify key terms whose cumulative importance
accounts for 90% of the total. Accordingly, a cumulative TF–IDF approach is employed to
determine high-frequency terms, and the TF–IDF value of the term at the 90% threshold is
taken as the cutoff for defining high-frequency terms. The cumulative TF–IDF is denoted
by ACTF–IDF and is defined as:

ACTF–IDFk =

k
∑

i=1
TFi × IDFi

n
∑

i=1
TFi × IDFi

(19)

Based on the ACTF–IDF values, 204 high-frequency terms were selected from the
2206 candidate feature terms, as shown in Table 3. A word cloud was then generated
using the feature parameters to provide an intuitive visual representation, as illustrated in
Figure 3.

Table 3. High-frequency terms (partial).

No. High-Frequency
Terms TF–IDF No. High-Frequency

Terms TF–IDF

1 Safety 238.2 2 Management 153.6
3 Safety awareness 143.3 4 Support 135.7

5 Operation
against rules 129.1 6 Foundation pit 125.3

7 Construction
unit 115.7 8 Inspection 112.9

9 Pipeline 103.5 10 Soil mass 102.1

11 Construction
workers 97.8 12 Geology 96.2

13 Hydrology 95.3 14 Emergency 89.4
15 Operate 87.5 16 Equipment 86.3
17 Monitoring 83.1 18 Technology 79.7
19 Quality 76.5 . . . . . . . . .
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Figure 3. Word cloud of safety risk terms in metro deep foundation pit construction.

Based on the accident reports of metro deep foundation pit construction, the
204 high-frequency terms extracted through feature selection were manually examined to
identify those containing explicit safety-risk semantics. A total of 30 high-frequency terms
associated with safety risks were retained and subsequently interpreted as corresponding
safety risk factors. With reference to the Code for Risk Management of Underground Works
in Urban Rail Transit (GB 50652-2011) and the Standard for Construction Safety Assessment
of Metro Engineering (GB 50715-2011), several overlapping or closely related safety risk
factors were merged [40,41]. Ultimately, 29 safety risk factors for metro deep foundation
pit construction were obtained and categorized into five groups: technology, management,
material, personal, environment. The initial list of safety risk factors is presented in Table 4.

Table 4. Initial list of safety risk factors.

Category Code High-Frequency Terms Risk Factors

Technology

T1 Investigation Inadequate investigation
T2 Support Defect of the support system
T3 Construction plan Unscientific construction plan
T4 Briefing Insufficient safety and technical briefings
T5 Monitor Inadequate monitoring
T6 Design plan Unscientific design plan
T7 Quality Defect of the structural quality

Management

M1 Check Inadequate security checks
M2 Management Chaotic on-site management
M3 Organization Incomplete safety management organization
M4 Protection Insufficient safety protection
M5 Subcontract Insufficient subcontracting management
M6 System Imperfect safety management system
M7 Safety training Inadequate safety training
M8 Coordination Inadequate organizational coordination
M9 Emergency Insufficient emergency management capabilities
M10 Supervision Inadequate safety supervision

Material
W1 Material Incorrect use of materials
W2 Failure Equipment failure
W3 Equipment selection Incorrect equipment selection

Personal

P1 Safety awareness Insufficient safety awareness
P2 Violation Violation of work regulations
P3 Technology Insufficient professional and technical proficiency
P4 Operation Improper operation of the equipment
P5 Command Illegal command
P6 Fatigue Worker fatigue

Environment
E1 Hydrologic, Geological Complex hydrogeological conditions
E2 Pipeline Insufficient protection of underground pipelines
E3 Building Insufficient protection of surrounding buildings
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4.2. Extraction of Main Safety Risk Factors Based on AHP

Based on the initial set of safety risk factors for metro deep foundation pit construction,
AHP was used to extract the main safety risk factors. To determine the weights, a survey
was designed to compare the importance of the safety risk factors in metro deep foundation
pit construction. Experts provided their scores using the “1–9 scale method.” In this study,
36 questionnaires were distributed via “Wenjuanxing,” and all were successfully returned.
Research indicates that to minimize subjectivity, the number of experts in AHP should be
no fewer than five [42]. The basic information of the experts is shown in Table 5. It can be
seen that experts from different fields were included, with more than three experts from
each field to avoid any biases. Additionally, only two experts had less than one year of
work experience. Upon inquiry, it was found that these two experts had just graduated
from university, and while their work experience was limited, they had participated in
metro-related projects during their academic tenure, so their scoring results were retained.

Table 5. The basic information for AHP experts.

Characteristic Categories No. Percentage

Type of Employer

University 8 22.22%
Research institution 6 16.67%

Investment unit 6 16.67%
Design unit 4 11.11%

Construction unit 12 33.33%

Educational
Qualifications

Bachelor and
Lower 22 61.11%

Master 8 22.22%
Doctoral and

Higher 6 16.67%

Work Experience

<1 years 2 5.56%
1–3 years 13 36.11%
3–5 years 14 38.89%
>5 years 7 19.44%

Based on the initial set of safety risk factors for metro deep foundation pit construction,
the safety risk factors are classified into five categories: technology, management, personal,
material and environment. Expert opinions were collected, and the average values were
calculated to obtain six judgment matrices. Using the AHP calculation process, the weights
of each factor were determined. Taking the criterion layer as an example, the judgment
matrix is shown in Table 6. Through matrix operations, the weights and consistency check
results are obtained, as presented in Table 7.

Table 6. Judgment matrix of criterion layer.

Categories Technology Management Material Personal Environment

Technology 1.0000 1.0000 2.2500 1.2500 2.0000
Management 1.0000 1.0000 2.5000 1.5000 2.0000

Material 0.4444 0.4000 1.0000 0.7500 0.5833
Personal 0.8000 0.6667 1.3333 1.0000 1.3750

Environment 0.5000 0.5000 1.7143 0.7273 1.0000
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Table 7. Weights and consistency test results of criterion layer.

Caterories Technology Management Material Personal Environment

Weight 0.2659 0.2812 0.1144 0.1882 0.1503
λmax 5.0845 CR 0.0189 Consistency Pass

Combining the criterion layer weights with the relative weights of the indicator layers
under different criterion layers, the actual weights are shown in Table 8. When performing
system analysis, it is unnecessary to consider all element relationships, as there are factors
with relatively low influence. Additionally, when using ISM for system analysis, the number
of elements should not be excessive. Based on the ABC classification method, the system
elements are ranked according to their importance. This study identifies the risk factors
that account for 90% of the cumulative weight as the main safety risk factors for metro deep
foundation pit construction [43], as shown in Figure 4. Based on the AHP calculation results,
it can be observed that management-related factors have the highest weight, accounting
for 28.12% of the total, followed by technology factors with a weight of 26.59%. Personal,
material, and environment factors have relatively lower weights. Among the indicator-level
factors, the one with the highest weight is “Unscientific construction plan”, with a weight
of 6.69%, while the one with the lowest weight is “Inadequate organizational coordination”,
with a weight of 1.07%. After ranking the factors by their weights and excluding the bottom
10%, the factors “P5, M10, M5, W3, T6, M6, M8” were removed from the list of main safety
risk factors for metro deep foundation pit construction.

Figure 4. Results of AHP weight analysis [%].

Since construction units are the stakeholders most directly exposed to safety accidents,
they were set as the primary target group in the questionnaire survey. However, this
sampling strategy may introduce potential bias. Considering that approximately one third
of the collected questionnaires were from construction enterprises, a sensitivity analysis
was conducted to mitigate this concern. In Comparison Group 1, the responses from
three experts affiliated with construction units were removed, and the AHP analysis was
recalculated. The results are shown in Figure 5a. Although the weight values changed to
some extent, the ranking of the bottom 10% factors remained consistent. In Comparison
Group 2, the responses from six construction units were excluded, and the AHP analysis
was performed again. The results are presented in Figure 5b. In this case, slight differences
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appeared in the ranking of the bottom 10% factors. “M10” was identified as a main safety
risk factor, whereas “T4” was regarded as a relatively unimportant factor.

Table 8. Weights of safety risk factors.

Categories Weight Safety Risk Factors Relative
Weight [%]

Actual Weight
[%]

Personal 18.82%

Insufficient safety awareness 21.89 4.12
Violation of work regulations 18.32 3.45

Insufficient professional and technical
proficiency 20.20 3.80

Improper operation of the equipment 14.43 2.72
Illegal command 12.12 2.28
Worker fatigue 13.04 2.45

Material 11.44%
Incorrect use of materials 39.44 4.51

Equipment failure 46.72 5.34
Incorrect equipment selection 13.84 1.58

Technology 26.59%

Inadequate investigation 12.99 3.46
Defect of the support system 14.10 3.75

Unscientific construction plan 25.16 6.69
Insufficient safety and technical briefings 9.88 2.63

Inadequate monitoring 21.15 5.63
Unscientific design plan 5.82 1.55

Defect of the structural quality 10.89 2.90

Management 28.12%

Inadequate security checks 14.06 3.95
Chaotic on-site management 13.04 3.67

Incomplete safety management organization 18.25 5.13
Insufficient safety protection 11.04 3.10

Insufficient subcontracting management 6.54 1.84
Imperfect safety management system 4.34 1.22

Inadequate safety training 12.02 3.38
Inadequate organizational coordination 3.80 1.07

Insufficient emergency management capabilities 8.96 2.52
Inadequate safety supervision 7.95 2.24

Environment 15.03%
Complex hydrogeological conditions 32.92 4.95

Insufficient protection of underground pipelines 38.47 5.78
Insufficient protection of surrounding buildings 28.61 4.30

To further clarify this discrepancy, follow-up emails were sent to relevant experts,
requesting them to select the more important factor between “M10” and “T4”. Most experts
ultimately selected “T4”. The main reason provided was that safety technical briefings
during metro deep foundation pit construction are sometimes conducted in a perfunctory
manner, whereas regulatory requirements and policy supervision are less likely to be
neglected in practice.
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(a) Results of AHP weight analysis—Comparison Group 1 [%]

(b) Results of AHP weight analysis—Comparison Group 2 [%]

Figure 5. Results of sensitivity analysis.

4.3. Determination of Interrelationships Between Safety Risk Factors Based on ISM

The list of main safety risk factors for metro deep foundation pit construction, in-
cluding 22 factors, was obtained using the AHP method as shown in Table 9. Based on
this, this study further identified the interrelationships among these safety risk factors
through ISM. From the AHP expert panel, 20 experts with strong professional expertise
were selected and contacted via email. Five experts agreed to participate in interviews. The
number of experts is sufficient to meet the basic requirements for ISM model analysis [44].
Semi-structured interviews were conducted via “Tencent Meeting V3.41.2”, during which
two professors from relevant fields interviewed five experts to determine their judgments
on the pairwise relationships among the factors. After consolidating their opinions, an
adjacency matrix describing the direct relationships among the safety risk factors was
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obtained. Based on the adjacency matrix, Boolean operations were performed using Matlab
to derive the reachability matrix as shown in Figure 6.

Table 9. List of main risk factors.

Categories Code Safety Risk Factors

Technology

T1 Inadequate investigation
T2 Defect of the support system
T3 Unscientific construction plan
T4 Insufficient safety and technical briefings
T5 Inadequate monitoring
T6 Defect of the structural quality

Management

M1 Inadequate security checks
M2 Chaotic on-site management

M3 Incomplete safety management
organization

M4 Insufficient safety protection
M5 Inadequate safety training

M6 Insufficient emergency management
capabilities

Material
W1 Incorrect use of materials
W2 Equipment failure

Person

P1 Insufficient safety awareness
P2 Violation of work regulations

P3 Insufficient professional and technical
proficiency

P4 Improper operation of the equipment
P5 Worker fatigue

Environment

E1 Complex hydrogeological conditions

E2 Insufficient protection of underground
pipelines

E3 Insufficient protection of surrounding
buildings

Figure 6. Matrix operation.

First, the common set T = {M3,P1,P3,E1} is obtained through parameter calculations.
Since R(M3) ∩ R(P1) ∩ R(P3) ∩ R(E1) ̸= Ø, all safety risk factors are located within the
same connected domain. Based on the reachability matrix and using the definition of the
highest-level element, the hierarchy of system elements is determined. The hierarchical
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division is shown in Table 10. On this basis, a multi-level hierarchical structure model
of safety risk factors for metro deep foundation pit construction is created, as shown in
Figure 6.

Table 10. The results of level partitioning.

Level Safety Risk Factors

1 T2, T6, M4, M6, W2, P2, P4, E2
2 T3, T4, T5, M1, W1, P5
3 T1, M5
4 M2, E1, P3
5 M3, P1

Based on Table 10 and Figure 7, the interaction of 22 safety risk factors for metro
deep foundation pit construction forms a safety risk system consisting of five levels. Level
1 consists of direct factors, which directly lead to safety risk accidents at metro deep
foundation pit construction sites. These include “Defect of the support system (T2)”,
“Defect of the structural quality (T6)”, “Insufficient safety protection (M4)”, “Insufficient
emergency management capabilities (M6)”, “Equipment failure (W2)”, “Violation of work
regulations (P2)”, “Improper operation of the equipment (P4)”, “Insufficient protection of
underground pipelines (E2)” and “Insufficient protection of surrounding buildings (E3)”.
It can be observed that the safety risk factors at the first level encompass five categories:
technology, management, material, personal and environment. Each category’s safety
risk factors can directly cause safety accidents in metro deep foundation pit construction,
highlighting the complexity of the safety system in such projects.

Figure 7. ISM model for risk factors.

Level 5 consists of the bottom factors, including “Incomplete safety management
organization (M3)” and “Insufficient safety awareness (P1).” Together with “Insufficient
professional and technical proficiency (P3)” and “Complex hydrogeological conditions
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(E1),” these factors form the fundamental elements of the model, representing the root
causes of safety risk accidents at metro deep foundation pit construction sites. In addition to
the direct and fundamental factors, other factors act as intermediate elements in the system,
playing a role in risk transmission. Among them, factors with stronger transmission effects
include “Inadequate safety training (M5)” and “Inadequate investigation (T1).”

4.4. Classification of Safety Risk Factors Based on MICMAC

MICMAC analysis, which is based on the reachability matrix, serves as a complement
to ISM analysis. By calculating driving power and dependence power, the safety risk
factors for metro deep foundation pit construction are classified into four categories. The
calculation results are presented in Table 11, with a visual representation shown in Figure 8.

Table 11. Calculation results of MICMAC parameter.

Safety Risk Factors Driving Power Dependence Power

T1 5 3
T2 1 5
T3 3 4
T4 3 6
T5 5 3
T6 1 7
M1 3 6
M2 9 3
M3 10 1
M4 1 9
M5 8 5
M6 1 6
W1 2 4
W2 1 7
P1 11 1
P2 1 8
P3 17 1
P4 1 8
P5 3 2
E1 10 1
E2 1 4
E3 1 4

The factors located in the first quadrant, including “T1, T3, T5, W1, P5, E2, E3,” are
autonomous factors with relatively low driving power and dependence power. These
factors have small values on both the horizontal and vertical axes, indicating that their risk
impact is relatively isolated and generally driven by external or self-initiated factors. Such
factors are mostly positioned in the middle of the model, and the focus of control should be
placed on resource utilization and autonomous improvement.

The factors located in the second quadrant, including “M2, M3, P1, P3, E1,” are driving
factors with high driving power but low dependence power. These factors represent the
fundamental safety risk elements in the ISM model. Among them, “Insufficient professional
and technical proficiency (P3)” has the highest driving power. The focus should be on
strengthening the control and optimization of these factors to ensure they effectively drive
the development of the system. It is crucial to ensure that these factors continue to exert a
positive influence, promoting the system toward its intended goals.

The factors located in the third quadrant are linkage factors with both high driving
power and dependence power. These factors require special attention due to their high
degree of interdependence within the system. Based on the MICMAC analysis results, it
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can be observed that there are no linkage factors in the model, indicating that it is difficult
to significantly improve the safety risk level of metro deep foundation pit construction by
controlling only a few safety risk factors. This further confirms the complexity of the safety
risk system in metro deep foundation pit construction.

Figure 8. Visual representation of MICMAC analysis.

The factors located in the fourth quadrant, including “T2, T4, T6, M1, M4, M5, M6,
W2, P2, P4,”, are dependent factors with low driving power but high dependence power.
Among these, “Insufficient safety protection (M4)” has the highest dependence. The focus
should be on reducing the dependence of these factors, enhancing their autonomy, or
ensuring that they remain stable under the influence of external factors. The performance
of these factors can be improved by minimizing the interference of external factors. It
should be noted that although “Inadequate safety training (M5)” exhibits a relatively
high dependence power, its driving power is also comparatively high, placing it in an
intermediate position within the system model. However, since its driving power does not
exceed half of the maximum driving power, it is still classified as a dependent factor.

5. Discussion and Recommendations
This study identified an initial list of 29 safety risk factors for metro deep foundation

pit construction by combining Chinese word segmentation with semantic interpretation.
These factors were categorized into five types: technology, management, personal, material
and environmental. Using AHP, the weights of all factors were calculated and 22 main
safety risk factors were determined. Subsequently, ISM was applied to construct a relational
model among the main risk factors, and MICMAC analysis was used to classify the factors
at the system level. The results indicate that management and technology risks account
for a relatively large proportion, among which “Unscientific construction plan (T3)” is the
factor with the highest weight. This study proposes a safety risk management framework
for metro deep foundation pit construction, as illustrated in Figure 9. The safety risk control
strategies include risk mitigation, risk avoidance, risk retention, and risk transfer, while the
specific risk control factors involve the node itself, its parent nodes, and its child nodes.
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Figure 9. Safety risk management framework for metro deep foundation pit construction.

The safety risk system model for metro deep foundation pit construction reveals the
mechanisms underlying accident occurrence, and the multi-level hierarchical structure
model provides a solid foundation for safety risk management. For the dependent factors,
which act as the direct causes of safety accidents in metro deep foundation pit construction,
immediate measures should be taken to eliminate or mitigate the risks as far as possible.
Special emergency plans for safety risks should be formulated and implemented, and the
actual risk conditions should be continuously monitored and followed up. The response
measures need to be adjusted in a timely manner according to the evolving situation until
the safety risks are reduced to an acceptable level. For the driving factors, which represent
the fundamental causes of safety accidents, early intervention is essential. Priority should
be given to addressing those safety risk factors with high driving power so that these factors
can be effectively controlled within an acceptable range. For the autonomous factors, a
selective control strategy can be adopted, and cost–benefit analysis can be used to maximize
the efficiency of safety risk management. At the same time, a risk-retention strategy should
be implemented, with regular monitoring to ensure that these safety risk factors remain
within a controllable range. Based on the above safety risk response strategies, this study
proposes specific countermeasures for each safety risk factor; due to space limitations, only
representative countermeasures are presented here.

(1) For “Unscientific construction plan (T3)”, which has the highest weight in the AHP
analysis and is located in the upper layers of the ISM model, priority attention should
be given to targeted risk mitigation. Risk control can be achieved through coordinated
management of this factor and its parent node (T1). Control at the node level mainly
involves inviting multiple stakeholders to participate in the formulation of construc-
tion plans and conducting expert consultations to enhance scientific decision-making.
Control of “T1” focuses on increasing both the number and frequency of site investi-
gations, thereby providing sufficient support for the timely revision and optimization
of construction plans.

(2) For “Inadequate safety training (M5)”, which exhibits relatively high driving power
and dependence, priority should be given to targeted interventions. Risk mitigation
can be achieved through coordinated control of this factor and its parent nodes (M2
and P3). Control at the node level primarily involves increasing the frequency of
safety training and strengthening on-site supervision. With respect to the parent nodes,
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mitigating “P3” can be achieved by engaging instructors with advanced professional
and technical qualifications, while controlling “M2” requires the implementation of
incentive and penalty mechanisms for safety training management.

(3) For “Defect of the structural quality (T6)”, the occurrence probability of this factor can
be reduced by controlling its parent nodes (T3, T5, and W1). Control of “W1” mainly
refers to appropriate material selection based on specific construction conditions.
Control of “T3” focuses on strengthening mechanical analysis to ensure the scientific
validity of design and construction schemes, while control of “T5” emphasizes strict
compliance with construction specifications by workers and an increased monitoring
frequency to prevent control indicators from exceeding threshold values.

(4) For “Improper operation of the equipment (P4)”, the risk can be mitigated by reducing
the occurrence probability of this factor and its parent nodes (P5 and T4). Control
of “T4” involves enhancing the depth and effectiveness of safety technical briefings,
while control of “P5” is achieved through the implementation of a shift rotation system
to ensure appropriate physical conditions of workers.

(5) For “Inadequate security checks (M1)”, mitigation measures should focus on con-
trolling the occurrence probability of this factor and its parent node (M5), while
monitoring the status of its child nodes (W2 and M4). Control at the node level
includes strengthening safety inspections through regular and unscheduled safety
patrols to reduce the likelihood of occurrence. Controlling “M5” involves expanding
both the frequency and coverage of safety training. Monitoring of child nodes mainly
refers to the periodic inspection and statistical tracking of failures in mechanical
equipment and HVAC and lighting systems.

(6) For “Complex hydrogeological conditions (E1)”, considering the variability and con-
cealment of hydrogeological conditions, a risk retention strategy is primarily adopted.
Continuous monitoring of groundwater levels is required to ensure that safety risks
remain within an acceptable and controllable range.

6. Conclusions
The metro has gradually become one of the major means of alleviating urban traffic

congestion; however, safety accidents still occur frequently during metro construction.
Owing to the complex construction characteristics of deep foundation pits, metro deep
foundation pit projects are subject to considerable and hardly predictable uncertainties.
To comprehensively identify the safety risk factors involved in metro deep foundation pit
construction, to explore the interaction relationships among these factors and to evaluate
their relative importance, this study integrates Chinese word segmentation, AHP, ISM
and MICMAC analysis. Previous studies on safety risk factor identification have largely
relied on expert experience, which may lead to incomplete risk identification. To address
this limitation, this study employed web crawling to collect accident reports and applied
Chinese word segmentation to extract safety risk factors from the reports, thereby ensuring
the comprehensiveness of risk identification. Considering that system analysis of safety
risks should not involve an excessive number of elements, AHP was adopted to retain the
main safety risk factors for subsequent ISM-based system modeling and MICMAC analysis.
By integrating web crawling, Chinese word segmentation, AHP, ISM, and MICMAC,
this study enables a more objective system-level analysis of safety risks in metro deep
foundation pit construction compared with existing state-of-the-art approaches.

(1) This study established an initial list of safety risk factors for metro deep foundation pit
construction through Chinese word segmentation and identified 29 factors across five
categories: technology, management, personal, material and environment. To extract
the main risk factors, a questionnaire survey was conducted to evaluate the relative
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importance of each factor, and AHP was employed to determine their weights. A total
of 22 main safety risk factors were ultimately identified. Among them, “Unscientific
construction plan” had the highest weight, whereas factors such as “Unscientific
design plan” were deemed insignificant and were excluded from the final list.

(2) Based on the identification of the main safety risk factors for metro deep foundation
pit construction, ISM was applied to analyze the interaction relationships among these
factors and to organize them into five hierarchical levels. Two underlying factors are
located at Level 5, eleven intermediate factors are distributed across Levels 2–4 and
nine direct factors are positioned at the top level. In addition, the two bottom-level
factors, together with two intermediate factors that are not influenced by any other
factors, constitute the fundamental safety risk factors in metro deep foundation pit
construction. These four factors represent the root causes of safety accidents in metro
deep foundation pit projects.

(3) The MICMAC analysis classified the risk factors according to their driving power and
dependence into eight autonomous factors, four driving factors and ten dependent
factors. This study proposes a safety risk management framework for metro deep
foundation pit construction, in which appropriate control strategies and control
elements are formulated for each category of factors, and targeted response measures
are proposed for six representative safety risk factors.

This study provides methodological guidance for safety risk management in metro
deep foundation pit construction. The identification of safety risk factors through Chinese
word segmentation offers a more systematic and objective approach. On this basis, the
subsequent extraction of main safety risk factors and the systematic analysis of interrelation-
ships among these factors demonstrate enhanced reliability, which constitutes a key novelty
of this research. In addition, the questionnaire survey involved participants from multiple
stakeholders across the supply chain, thereby further ensuring the validity of the results.
Nevertheless, this study still has certain limitations. First, the data source for Chinese word
segmentation in this study is primarily accident reports obtained from official government
websites, which may not cover all metro deep foundation pit construction accidents. Future
studies could expand the range of data sources by including additional platforms. More-
over, since Chinese word segmentation relies on accident reports written in Chinese, the
analysis of accident reports in other languages also warrants further investigation. Second,
the number of experts participating in the survey is relatively limited, and the data sources
are comparatively narrow, which may introduce a certain degree of subjectivity into the
results. Future research could broaden the scope of expert participation to enhance the
objectivity and robustness of the findings. Third, the results obtained in this study are
difficult to validate directly. Future research may consider incorporating the geotechnical
mechanisms of deep foundation pit, further accounting for structural failure modes and
surrounding environmental conditions, and conducting case-based validation by integrat-
ing finite element methods, Bayesian approaches, or other probabilistic techniques. Finally,
the transferability of risks is also identified as a potential direction for future research.
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