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A B S T R A C T

Existing studies have noted differences in risk influential factors (RIFs) across various ship types but often fail to
provide a detailed analysis and targeted countermeasures. This study proposes a novel marine accident analysis
model that integrates the Complex Network (CN), the Weighted Influence Non-linear Gauge System (WINGS),
and the Adversarial Interpretive Structure Model (AISM), to analyse the differences in RIFs for accidents
involving different ship types. Firstly, based on 910 marine accident investigation reports covering four major
ship types (bulk carriers, container ships, fishing vessels and oil tankers), a RIFs database is established, and the
potential relationship between RIFs is mined by association rules. Secondly, Risk Interaction Networks (RINs) for
each ship type are constructed, and their topological characteristics are analysed. Subsequently, a dynamic
analysis model, named WINGS, is developed to analyse the causal relationship between RIFs from the perspective
of dynamic information transmission. Finally, the AISM is established to determine the causal hierarchical re-
lationships among these RIFs. The findings highlight significant differences in the critical RIFs of accidents across
different ship types, illustrating the distinct risk profiles and necessitating tailored prevention strategies. This
research advances multidimensional factor analysis from static to dynamic, facilitating the development of more
tailored preventive measures. The source code is publicly available at: https://github.com/FengYinLeo/
CWA-Model.

1. Introduction

Marine transport is the backbone of global trade and plays a crucial
role in international trade and global economic development (Feng
et al., 2024b; Wang et al., 2023b). However, with the booming global
marine trade, the size of ships and the density of marine traffic are
increasing, leading to a higher risk of marine accidents (Cao et al.,
2023b). According to the Annual Overview of Maritime Casualties and
Accidents, a total of 23,814 marine accidents involving injuries and
fatalities are reported between 2014 and 2022 (European Maritime
Safety Agency, 2023). Given that marine accidents often cause signifi-
cant casualties, property losses, and environmental damage (Zhang

et al., 2022a), the International Maritime Organization and other rele-
vant authorities have implemented numerous measures to prevent such
accidents (Wan et al., 2023). Nevertheless, it remains difficult to
completely avoid marine accidents (Lee and Yu, 2023). Therefore, to
reduce the occurrence of accidents and improve the safety of marine
transportation, it is crucial to study the risk influential factors (RIFs) of
marine accidents (Li and Yang, 2023).

Although numerous studies on marine accidents exist, many are
limited to analysing specific ship types or specific types of accidents, and
there is a lack of research comparing accidents involving various ship
types. In fact, the specific causes of accidents differ among various ship
types. For example, studies have shown that fishing vessels are more
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susceptible to accidents such as foundering and collisions due to bad
weather and sea conditions (Özaydın et al., 2022; Rezaee et al., 2016).
Improper loading and unloading of containers can easily lead to acci-
dents such as loss of containers and over boarding of containers
(Callesen et al., 2021). Bulk carriers and oil tankers are prone to serious
fires and explosions due to improper cargo loading and unloading pro-
cedures (Chen et al., 2020). Therefore, it is necessary to compare and
analyse the RIFs for marine accidents involving different ship types.

Previous studies have demonstrated that the RIFs contributing to
marine accidents are characterized by uncertainty and complexity (Ma
et al., 2022c). Quantitative investigations into RIFs are essential to
furnish comprehensive and precise analyses across diverse accident
scenarios involving various ship types. In comparison to traditional
methodologies such as Fault Tree Analysis (FTA), Event Tree Analysis
(ETA), and Bayesian Networks (BN), Complex Network (CN) theory, as a
method for quantitative risk analysis, offers advantages in revealing the
correlation between accident RIFs and identifying key RIFs (Feng et al.,
2024c; Xin et al., 2024; Zhang et al., 2025). Moreover, CN can be easily
and effectively integrated with other methods to analyse RIFs from
multiple perspectives. While marine accidents result from a combination
of various RIFs, the impact of an individual RIF on accidents cannot be
overlooked. The Weighted Influence Non-linear Gauge System (WINGS)
methodology, derived from the Decision-making Trial and Evaluation
Laboratory (DEMATEL), can consider both of these key points simulta-
neously. WINGS not only visualizes the causality and intensity of im-
pacts among RIFs but also reflects the impact intensity of an individual
RIF (Wang et al., 2023c). However, WINGS may not efficiently obtain a
hierarchical structure of causal relationships among RIFs in complex
systems. The Adversarial Interpretive Structure Model (AISM) can
construct a multilevel structure between RIFs, but it cannot simulta-
neously determine their impact on the system (Chen et al., 2023a).
Therefore, this study proposes a comprehensive analytical model, called
CN-WINGS-AISM (CWA) model. The aim is to identify the key RIFs
contributing to accidents across various ship types and investigate the
heterogeneity among the RIFs for accidents involving different ship
types. This study addresses the gap of previous studies that have insuf-
ficient knowledge of the heterogeneous coupling relationship between
accident RIFs. Moreover, this study provides valuable insights for
maritime safety authorities in developing diverse programs to prevent
various ship types of accidents.

The rest of the content in this study is organized as follows: Section 2
reviews relevant studies on risk analysis of marine accidents and their
methodologies. Section 3 describes the data sources and the methodol-
ogy used in this study. Section 4 analyses the results from different
perspectives and provides discussion. Section 5 presents the practical
implications of the research findings, offering targeted management
recommendations for accidents involving different ship types. Section 6
summarizes the entire work and provides recommendations for future
research.

2. Literature review

The rapid growth of marine transport in recent years has signifi-
cantly increased the demand for scientific research on ensuring mari-
time safety (Chan et al., 2023; Jovanović et al., 2024; Wang et al., 2022).
One of the key tasks for researchers to develop effective prevention
strategies and thus reduce the probability of future accidents is to find
the root causes of marine accidents (Sakar et al., 2021). To address this
issue, many quantitative risk assessment (QRA) methods have been
proposed and widely used in the field of marine accident analysis,
including FTA, ETA, BN, CN, DEMATEL, and so on. Table 1 displays
literatures that have applied these methods in recent years, along with
descriptions of their advantages and disadvantages.

Analysis of the existed studies shows that FTA and BN are the more
traditional approaches in the risk analysis of marine accidents. For
example, Lutfi Tunçel et al. (2023) conducted a quantitative risk

Table 1
Various quantitative risk assessment methods in marine accident analysis.

Research
paper

Method Strength Weakness

Lutfi
Tunçel
et al.
(2023)

Fuzzy-FTA,
CS-I

Provided specific
solutions to prevent
potential fire and
explosion (F&E)
accidents on bulk
carriers.

Unable to obtain
sufficient fire and
explosion (F&E)
accident reports on such
ship types.

Sakar et al.
(2021)

FTA, BN An assessment model
combining FTA and BN
was proposed to
investigate the causes
of grounding accidents,
which was informative
for studies related to
dynamic risk
assessment of
grounding accidents.

Required adequate data
to ensure model
prediction accuracy.

Sokukcu
and
Sakar
(2022)

FTA, BN An assessment model
combining FTA and BN
was proposed to study
the causes of ship to
ship (STS) crashes and
became a useful tool for
risk analysis during STS
manoeuvring.

Required expert
involvement, otherwise
affects modeling
effectiveness.

Özaydın
et al.
(2022)

BN, ARM Proposed a network
structure that enables
qualitative and
quantitative analyses of
occupational accidents
on board fishing
vessels.

Relying on expert
opinion to build a
network is subjective.

Ma et al.
(2022c)

CN, ETA A methodology was
proposed that enables
the quantification and
modelling of the risk
propagation process of
ship grounding
accidents.

Accident classification
boundaries are
influenced by factors
other than criticality
and sensitivity.

Lan et al.
(2023)

CN, ARM Proposed a model for
targeted mitigation
measures to prevent
ship collision accidents.

Focus on ship collisions
with limited accident
data, which limits the
generality of the results.

Soner
(2021)

Fuzzy-
DEMATEL

Provided a systematic
and powerful analytical
model for confined
space accident analysis.

Reliance on expert
judegments.

Ma et al.
(2022a)

HFACS,
DEMATEL,
FCM

A novel hybrid
approach that
combined the strengths
of HFACS, DEMATEL
and FCM to provide a
more detailed and
objective assessment of
the uncertainties and
interacting human
factors involved in
marine accidents.

Easy to miss
information; Inadequate
transformation of the
interaction matrix.

Ma et al.
(2022b)

DEMATEL,
ISM, Fuzzy-
BN

Integrated the
superiorities of
DEMATEL, interpretive
structure model (ISM)
and Fuzzy-BN in
dealing with risk
factors with uncertain.

The influence of
heterogeneous experts is
not considered;
Insufficient accident
data.

Shi et al.
(2024)

DEMATEL,
CN

For the first time, a
combination of CN and
DEMATELmethods was
advocated for the study
of RIFs in ship collision
accidents.

Accident reports are
artificially extracted
with a high degree of
subjectivity.

W. Cao et al. Ocean Engineering 312 (2024) 119295 

2 



analysis of fire and explosion accidents on bulk carriers using Fuzzy-FTA
and Cut Set Importance Measurement (CS-I). Sakar et al. (2021) and
Sokukcu and Sakar (2022) investigated the primary causes of ship
grounding and collision accidents, respectively, using the FTA-BN
approach. Given the large number of RIFs in marine accidents, charac-
terized by a high degree of complexity, traditional methods such as FTA
and BN are prone to encountering state explosion problems (Shi et al.,
2024). In recent years, CN has been widely utilized in the study of ma-
rine accidents (Shi et al., 2024). CN can effectively illustrate the intricate
correlations between RIFs. For instance, Yan et al. (2023) investigated
the link between RIFs leading to collisions between ships and wind
turbines using systems theory and CN. Feng et al. (2024c) employed CN
and Association Rule Mining (ARM) to construct a causality network for
marine accidents, identifying key RIFs that influence the severity of
marine accidents. Ma et al. (2022c) employed the ETAmethod to extract
accident chains from accident reports, constructing CNs to identify key
RIFs for ship grounding accidents.

Given that causality analyses are particularly important in accident
studies, DEMATEL has been introduced to this field as a methodology
capable of visually presenting the causal relationships between RIFs and
the intensity of their effects (Demirci et al., 2023; Kuzu, 2021). For
example, Shi et al. (2024) combined the approaches of CN and DEMA-
TEL to elucidate the causal relationships among key RIFs in ship colli-
sion accidents. They also proposed strategic measures to reduce the risk
of such accidents and prevent the evolution of associated risks. While
accidents cannot be separated from the coupling between various RIFs,
the impact of an individual RIF on accidents cannot be ignored in reality.
However, DEMATEL overlooks the impact intensity of an individual RIF
on accidents. Based on this, the WINGS method is proposed, which not
only inherits all the advantages of DEMATEL but also reflects the impact
intensity of an individual RIF (Wang et al., 2023c).

Furthermore, considering the limitation of WINGS in directly and
efficiently capturing the causal hierarchy among RIFs in accidents, it is
necessary to integrated it with complementary methods. As a method
that effectively constructs a directed graph or network structure of hi-
erarchical relationships between a set of elements, ISM has unique ad-
vantages in analysing the causes of accidents and understanding RIFs
(Wu et al., 2023). Therefore, ISM is often used to construct multi-level
asymptotic hierarchies among constituents in complex systems (Wu
et al., 2023). In addition, researchers often enhance the generalizability
of ISM by combining it with other methods. For example, Ma et al.
(2022b) proposed a new method integrating the advantages of DEMA-
TEL, ISM, and fuzzy Bayesian network (FBN). This approach explored
the causal relationships among the main RIFs leading to accidents
involving maritime transport of hazardous materials and performed a
detailed quantitative assessment. The new method was superior in
dealing with uncertain RIFs. However, traditional ISM follows a single
extraction rule, resulting in a less reliable hierarchy. As an enhanced ISM
method, AISM incorporates the idea of game rivalry and can reflect the
hierarchical structure of RIFs more comprehensively (Li et al., 2024).
Xing et al. (2023b) integrated the methods of AISM and DEMATEL to
conduct a comprehensive analysis of the key RIFs that contribute to fire
accidents and developed preventive measures for these RIFs.

These studies described above have made a significant contribution
to the field of marine accidents; however, there are still some gaps that
warrant further exploration. Firstly, current research primarily con-
centrates on marine accidents involving specific ship types, such as
container ships or oil tankers, while investigations into the RIFs of ac-
cidents across various ship types are relatively scarce. Secondly,
although a few studies have delved into accidents involving different
ship types, they generally overlook the collective impacts of various RIFs
on marine accidents and lack comprehensive insights into accident RIFs.
Finally, prior studies have paid limited attention to the heterogeneous
coupling relationships between different levels of RIFs and have not
provided a comprehensive and specific understanding of the trans-
missibility of RIFs in marine accidents. The literature review shows that

by combining CN, WINGS, and AISM, it is possible not only to identify
key RIFs and their impact levels in marine accidents, but also to establish
the adversarial hierarchical topology of key RIFs and efficiently perform
heterogeneity analysis of marine accidents across different ship types.
To address the gaps of previous research, this study makes the following
contributions:

(1) A CWA model is proposed, facilitating the establishment of risk
interaction networks (RINs) for accidents involving different ship
types. The key RIFs in accidents across various ship types are
explored via an in-depth analysis of the topological characteris-
tics of RINs.

(2) Utilizing the CWA model, this study analyses the causal re-
lationships between the RIFs of marine accidents for each ship
type from the perspective of dynamic information transfer,
thereby revealing the impacts of different RIFs on marine
accidents.

(3) The RIFs of accidents across four ship types are hierarchically
classified, and their causal relationships are further explored. By
analysing the heterogeneous coupling relationships between
these hierarchies, the countermeasures for accidents across four
ship types are proposed.

3. Materials and methodology

3.1. Data source and pre-processing

In this study, marine accident investigation reports spanning
2000–2019 from the databases of seven global maritime agencies were
collected—such as the China Maritime Safety Administration (China
MSA), Federal Bureau of Maritime Casualty Investigation (BSU), Na-
tional Transportation Safety Board (NTSB), Japan Transportation Safety
Board (JTSB), Australian Transport Safety Board (ATSB), Canadian
Transportation Safety Board (TSB), and the Marine Accident Investiga-
tion Branch (MAIB).

An analysis of the investigation reports from the aforementioned
databases revealed that different countries uploaded accident records
with varying levels of detail, and some of the data contained inaccura-
cies and/or were incomplete. Therefore, accident reports with incom-
plete data need to be excluded to ensure the authenticity and integrity of
the dataset. For example, some accident reports do not list the envi-
ronmental conditions that contributed to the accident, and these should
be excluded according to the aforementioned principles. Details of the
screening process for these marine accident investigation reports can be
found in previous related studies (Cao et al., 2023a; Feng et al., 2024a,
2024c; Wang et al., 2021).

The data pre-processing is divided into four stages. First, after
filtering and removing duplicate accident reports, 1294 accident reports
were obtained. Second, as shown in Fig. 1, bulk carriers, container ships,
fishing vessels, and oil tankers are the most frequent ship types involved
in marine accidents. Therefore, this study focuses on analysing the
heterogeneity of marine accident RIFs for these four ship types. Further
screening of the accident investigation data for these vessels yielded 910
marine accident reports. Finally, based on relevant studies (Cao et al.,
2023a; Fan et al., 2020; Wang et al., 2021), this study constructed a
first-level RIFs indicator system encompassing human factors, ship fac-
tors, environment factors, management factors and accident informa-
tion, along with 36 second-level RIFs from the perspective of system
safety engineering. The distribution of the accident RIFs is shown in
Fig. 2. The categories, serial numbers, and descriptions of the RIFs are
detailed in Table A1 of Appendix A.

3.2. Association Rule Mining (ARM)

ARM is a straightforward and practical data mining technique that
identifies frequent item sets among uncertainties and generates strong
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association rules from large datasets (Aljehani and Alotaibi, 2024), it
prioritizes identifying patterns within data over confirming hypotheses
and remain unaffected by missing data. Therefore, in this study, asso-
ciation rules are mined for the marine accident data of the four ship
types: bulk carriers, container ships, fishing vessels, and oil tankers.
ARM furnishes a critical database for subsequent CN analysis, thereby

enhancing this study’s understanding of the relationships among acci-
dent RIFs. The calculation formula of ARM is shown in Equations (1)–
(3).

Support(E)=
LE
L

(1)

Fig. 1. Distribution of the number of marine accidents by ship types.

Fig. 2. Tree diagram of all RIFs.
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Confidence(E⇒F)=
Support(EF)
Support(F)

(2)

Lift(E⇒F)=
Confience(E⇒F)

Support(F)
(3)

where Support(E) indicates the degree of support for itemset E; LE in-

dicates the number of occurrences of itemset E in the data; L indicates
the number of all the data; Confidence(E⇒F) indicates the confidence
from itemset E to itemset F; and Lift(E⇒F) indicates the lift from itemset
E to itemset F.

To enhance the analysis of marine accident data across various ship
types, the Apriori algorithm, a classical ARM algorithm (Liu et al., 2024)
is utilized to identify frequent itemsets and uncover valuable

Fig. 3. The flowchart of CWA modelling procedure.
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associations or relationships within large databases (Feng et al., 2024c).
The core idea involves incrementally increasing the size of itemsets to
identify frequent ones and subsequently generating association rules
from these frequent itemsets.

3.3. CWA model

This study integrates the CN theory, the WINGS system, and the
AISMmodel to propose a comprehensive analytical model, named CWA,
for marine accident analysis. Fig. 3 illustrates the framework of the CWA
model. First, based on CN theory, RINs of RIFs for marine accidents
involving different ship types are constructed, and topological analyses
of these RINs are performed. Second, the centrality, causality, and
weight of the RIFs are calculated and analysed using WINGS. Finally,
AISM is applied to identify the internal connections of the RIFs and
establish the logical hierarchical relationships between RIFs.

3.3.1. Complex Network (CN)
CN represents complex systems as networks where elements are

nodes and relationships are edges (Shi et al., 2024). It has been widely
used to assess the safety and reliability of safety systems, such as risk
coupling related to human, ships, management, and the environment
(Feng et al., 2023; Shi et al., 2024). Therefore, this study proposes using
CN to provide insights into the RIFs of marine accidents and establish
links between them.

(1) The construction of RINs

RINs are built from association rules to explore RIFs couplings in
marine accidents (Feng et al., 2024c). Let the interaction network of
RIFs for marine accidents involving different ship types be denoted as
RIN = (A,DiF). Let A = {x1, x2,…, xn} denote the set of nodes and DiF =
{
dif1, dif2,…, difn

}
denote the set of edges of the network. Then, the

mathematical expression of the RIN can be described as the adjacency
matrix B. The formulas are shown in Equations (4)–(6).

B=

x1
x2
⋮
xn

⎡

⎢
⎢
⎣

b11 b12 ⋯ b1n
b21 b22 ⋯ b2n
⋮ ⋮ ⋮
bn1 bn2 ⋯ bnn

⎤

⎥
⎥
⎦

x1 x2 ⋯ xn

(4)

bij =Confidence
(
xi⇒xj

)
fij (5)

fij =
{
1,when the i event triggers the j event
0, else (6)

where n is the total number of nodes in the network; bij represents the
connection from node xi to node xj; Confidence

(
xi⇒xj

)
indicates the

weight of the edge from node xi to node xj in the network; and fij signifies
whether node xi to node xj is connected, assigning a value of 1 if con-
nected and 0 if not.

(2) The topological features of RINs

Topological features are metrics that characterize the connections
and relationships between nodes or elements in a network structure. Key
features include:

1) Node dissimilarity

Node dissimilarity, denoted as Nd, is a measure used to quantify the
degree of difference between nodes in two networks. It reveals the
similarities and differences between different network structures by
comparing the degree distribution of nodes, the sets of neighbours,
feature vectors, and the structural similarity between two networks

(Feng et al., 2021). Consider two networks, denoted as networks Web1
andWeb2, with node degrees of d1i and d2i, respectively. The comparison
of node dissimilarity can be expressed using the standard deviation of
node degree, as shown in Equation (7).

Nd=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
N1

∑N1

i=1
(d1i − d1)2

√
√
√
√ −

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
N2

∑N2

i=1
(d2i − d2)2

√
√
√
√ (7)

where N1 and N2 are the number of nodes in networksWeb1 and Web2,
respectively. d1 and d2 are their average node degrees, respectively.

2) Edge dissimilarity

Edge dissimilarity, denoted as Ed, measures the extent to which
edges (connections) differ between two networks. The presence of
dissimilarity between the edges of two networks may indicate significant
differences in the distribution of connection weights (Feng et al., 2021).
Suppose the edge weights of the two networks are w1i and w2i, respec-
tively. The calculation formula is shown in Equation (8).

Ed=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
M1

∑M1

i=1
(w1i − w1)

2

√
√
√
√ −

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
M2

∑M2

i=1
(w2i − w2)

2

√
√
√
√ (8)

where M1 and M2 are the number of edges in networksWeb1 andWeb2,
respectively. w1 and w2 are their average edge weights, respectively.

3) Betweenness centrality coefficient

The betweenness centrality coefficient represents the number of
shortest paths passing through nodes in a network (Feng et al., 2017; Shi
et al., 2024). The betweenness centrality coefficient reflects the pivot-
ability and transmissibility of the node. The calculation formulas are
shown in Equations (9) and (10).

Cv =
∑

∀i,j∈A
i∕=v∕=j

(
βij(v)

βij

)

(9)

CGv =
Cv

(p − 1)(p − 2)
(10)

where βij(v) denotes the number of shortest paths from node xi to node xj
passing through node xv; Cv denotes the betweenness of node xv; p de-
notes the number of nodes in the network; and CGv denotes the
betweenness centrality coefficient of node xv.

4) Closeness centrality coefficient

The closeness centrality coefficient measures the average distance of
a node to all other nodes in the network. If a node has a shorter average
distance to other nodes, it has a higher closeness centrality coefficient
(Wang et al., 2023a). The closeness centrality coefficient is used to
identify nodes with high accessibility in the network, which may be
more likely to disseminate information or influence other nodes. The
formula is shown in Equation (11).

GGi =
p − 1
∑p

j=1,j∕=i
kij

(11)

where GGi denotes the proximity centre factor of node xi and kij denotes
the shortest path length from node xi to xj.

3.3.2. WINGS
WINGS can be used to assess interrelationships between system

components by evaluating the strengths and influences of factors
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(Olorvida et al., 2023). The aim of this study is to analyse the charac-
teristics of RIFs in marine accidents involving different ship types and
the causal relationships between them, to reveal the intertwined re-
lationships between RIFs in complex systems. In this study, the WINGS
model is used and constructed using data-driven CN data. The advan-
tages of this approach are manifold. On the one hand, compared to the
traditional WINGS method, the data-driven WINGS model reduces the
subjectivity associated with expert scoring, enhancing the objectivity
and credibility of the analysis. On the other hand, the WINGS model
addresses the challenges of CN in analysing non-linear correlations and
influences between RIFs, thereby more accurately revealing the in-
teractions between RIFs in complex systems. The methodology follows
these steps:

Step 1: Add the impact intensity of the RIFs to the diagonal of the RIN
matrix to obtain the direct influence matrix H of the marine accident,
as shown in Equations (12) and (13).

H=
(
hij
)

n×n (12)

hij =

⎧
⎨

⎩

LE
L
, i = j

bij, i ∕= j
(13)

where LE indicates the number of occurrences of itemset E in the data, L
indicates the number of all data, and bij indicates the intensity of the
influence of node xi on node xj.

Step 2: Normalize the direct influence matrix to obtain the normal-
ized direct influence matrix StaH, as calculated in Equations (14) and
(15).

Nopa=
1

(max (c1, c2,⋯, cn)2 +max (g1, g2,⋯, gn)2)1/2
(14)

StaH=Nopa× H (15)

where Nopa is the normalisation parameter; cn denotes the sum of row n
of the direct influence matrix; and gn denotes the sum of column n of the
direct influence matrix.

Step 3: Utilize the theory of transmissibility of impacts to generate a
comprehensive influence matrix TH, calculated as shown in Equation
(16).

TH=
∑∞

k=1
StaHk = StaH ⋅ (Eh − StaH)− 1 =(tEF)e×e (16)

where ⋅ represents the inner product of the matrix; Eh represents the unit
matrix; and tEF represents the comprehensive influence of factor E on
factor F in the comprehensive influence matrix.

Step 4: Calculate the influencing degree, influenced degree, cen-
trality degree, and reason degree of RIFs, along with the weights of
each RIF, using the comprehensive influence matrix, as depicted in
Equations (17)–(21).

lE =
∑

F
tEF (17)

mE =
∑

E
tFE (18)

CTE = lE +mE (19)

RTE = lE − mE (20)

WE =

(
CTE

2 + RTE
2)1/2

∑

E

(
CTE

2 + RTE
2)1/2

(21)

where lE is the influencing degree of factor E,mE is the influenced degree
of factor E, CTE is the centrality degree of factor E, RTE is the reason
degree of factor E, and WE is the weight of factor E.

3.3.3. AISM
ISM methods are widely utilized for analysing the components of

complex systems and their interdependencies (Chen et al., 2023b; Xing
et al., 2023a). The fundamental principle is to break down the constit-
uent elements of a complex system into several sub-elements and then
derive a hierarchical diagram guided by the outcomes of a series of to-
pological operations. In contrast, AISM integrates Generative Adversa-
rial Networks (GANs) into ISM, creating adversarial hierarchical
topologies and reflecting factor hierarchies more comprehensively
(Chen et al., 2023a). Compared to the single extraction rule of tradi-
tional ISM, AISM can comprehensively reflect the hierarchical structure
of factors. This study integrates the centrality degree and reason degree
of RIFs using the WINGS method to conduct an in-depth analysis of RIFs
interrelationships. However, the mechanism of interaction between the
RIFs remains unclear. Therefore, this study has constructed an adver-
sarial hierarchy topology using the AISM method, which intuitively il-
lustrates the progressive causality and action pathways among RIFs of
marine accidents. AISM can be divided into the following steps:

Step 1: Utilize the intercept threshold to eliminate less influential
relationships in TH, thereby creating the relationship matrix AH. AH
represents the strong interaction relationship between the factors,
with calculation formulas provided in Equations (22)–(26).

zt =

∑

E
(lE +mE)

x2
(22)

σt =

⎛

⎝

∑

E

∑

F
(tEF − zt)2

x2

⎞

⎠

1/2

(23)

la= zt + σt (24)

AH=(ahEF)x×x (25)

ahEF =
{
1, if tEF > la
0, else (26)

where zt represents the average degree of influence between factors; σt
represents the overall standard deviation of the degree of influence
between factors; and la represents the intercept threshold.

Step 2: Solve the reachability matrix using Boolean operation rules.
The formulas are provided in Equations (27) and (28).

B1 =AH+ Eh,B2 = B1 ⊙ B1,B3 = B2 ⊙ B1,⋯,Bn = Bn− 1 ⊙ B1 (27)

RH=(nEF)x×x =Bn =Bn− 1 ∕= Bn− 2 (28)

where RH is the reachability matrix; Bn is the transition matrix in
Boolean operations.

Step 3: Construct UP-type and DOWN-type hierarchies in a cause-
and-effect oriented manner using the reachability set, the prior set,
and the intersection of the reachability set and the prior set. The
formulas are provided in Equations (29)–(31).

Rs(xE)= {xF|nEF =1} (29)
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Qs(xF)= {xE|nFE =1} (30)

Ts(HaE)=RS(HaE) ∩ QS(HaE) (31)

where Rs(xE) denotes the reachability set arrival of xE; Qs(xE) denotes
the prior set departure of xE; and Ts(xE) denotes the intersection of the
reachability set and the prior set of xE.

For UP-type hierarchies, when Rs(xE) = Ts(xE), extract the factors in
Rs(xE) and place them at the top, then remove all elements in the
reachability set that intersect with Ts(xE) to form a new reachability set
and intersection. For DOWN-type hierarchies, when Qs(xF) = Ts(xF),
extract the factors in Qs(xF) and place them at the bottom, then remove
all elements in the prior set that intersect with Ts(xE) to form a new prior
set and intersection. Iterate until all factors are removed.

Step 4: First, solve the strong connectivity components of the
reachability matrix using Tarjan’s algorithm (Pearce, 2016). Then,
construct the reduced-point matrix based on these strong connec-
tivity components (an example of reduced-point matrix construction
is shown in Fig. 4). Finally, derive the skeleton matrix using the
shrinkage equation. The formulas are provided in Equations (32) and
(33).

RH̅̅̅̅→
Tarjan RHʹ (32)

GH=RHʹ − (RHʹ − Eh) ⊙ (RHʹ − Eh) − Eh (33)

Step 5: Construct UP-type and DOWN-type topologies based on the
skeleton matrix GH and the respective UP-type and DOWN-type hi-
erarchies.

4. Results and discussion

4.1. The construction of RINs

To explore the potential connections between the RIFs, this study
employs ARM to mine the interrelationships between RIFs. After several
experiments, this study determines the minimum support threshold and
the minimum confidence threshold to be 0.3 and 0.5, respectively. The
association rules are then mined using the Apriori algorithm on the
accident data across four ship types. A total of 2557 association rules are
generated. Among them, 644 association rules are mined for bulk car-
riers, 550 for container ships, 792 for fishing vessels, and 571 for oil
tankers.

Based on the mined association rules, this study constructs RINs for
each of the four ship types, consisting of nodes and directed edges, using

Equations (4)–(6). Fig. 5 shows the RIN for bulk carriers, while the RINs
for other ship types are detailed in Figure B1 of Appendix B. Among
them, the RIN of bulk carriers consists of 44 nodes and 644 directed
edges, the RIN of container ships consists of 44 nodes and 550 directed
edges, the RIN of fishing vessels consists of 41 nodes and 792 directed
edges, and the RIN of oil tankers consists of 42 nodes and 571 directed
edges.

To assess the effectiveness of the CWA model, this study compares it
with the traditional BN model. BN model has become a crucial method
in marine accident research due to its effectiveness in addressing com-
plex probabilistic relationships (Cao et al., 2023a; Fan et al., 2020; Xia
et al., 2023). To highlight the advantages of the proposed model, a
detailed comparative analysis was conducted. The analysis evaluates
both models using the same dataset and performance metrics, focusing
specifically on mutual information as a key measure for assessing de-
pendencies between variables and the information shared by RIFs. The
detailed description of the analysis process and results can be found in
Appendix C.

4.2. The characteristics indicator analysis of RINs

4.2.1. Node dissimilarity and edge dissimilarity
Fig. 6 displays the node and edge dissimilarities between the RINs of

different ship types. Fig. 6 indicates that node and edge dissimilarities
are the largest between the RINs of fishing vessels and oil tankers,
suggesting significant variability in the RIN structure of these two ship
types. This is reflected to some extent in the significant differences in the
RIFs of marine accidents between these two ship types. This discrepancy
may arise from the substantial differences in ship size, route selection,
and crew skill between fishing vessels and oil tankers (Tian et al., 2024;
Ung, 2019). Fig. 6(a) shows that the nodal dissimilarity between the
RINs of bulk carriers and container ships is minimal, indicating a simi-
larity in their RIN structures. This similarity suggests that some RIFs are
common to marine accidents involving both bulk carriers and container
ships. This phenomenon may be attributed to both ship types being
cargo ships with similar safety management strategies (Zhang et al.,
2022b). Fig. 6(b) reveals that the edge dissimilarity between the RINs of
bulk carriers and oil tankers is minimal, indicating a high similarity in
how their edges are connected. This similarity suggests that, despite
differences in the composition of nodes in the RINs for bulk carriers and
oil tankers, the correlations between their accident RIFs may be rela-
tively similar. Based on this finding, this study can further explore the
possible reasons for this similarity. For example, despite differences in
cargo types and ship operations, the technical characteristics of their
ship structures and navigational operations may be similar (Campanile
et al., 2018). Additionally, they may use similar types of engines and
navigational equipment. Thus, although the composition of nodes in the
RINs differs somewhat, the way the edges are connected is very similar.
Studying these differences will help maritime authorities better under-
stand the characteristics and risks of different ship types, enabling them
to formulate targeted safety management measures to reduce the like-
lihood of accidents and enhance overall maritime safety.

4.2.2. Nodal betweenness centrality coefficient and closeness centrality
coefficient

Both the betweenness centrality coefficient and closeness centrality
coefficient can reflect the pivotal role of nodes in complex systems for
information transfer to some extent (Wang et al., 2023a). Therefore,
they are analysed together. Fig. 7 shows the distribution of betweenness
centrality coefficient and closeness centrality coefficient for the RINs of
the four ship types. In the RIN of bulk carriers, SFM1 (Inadequate
company safety management) exhibits the highest betweenness cen-
trality coefficient. For container ships, WL3 (Fairway width/ship length
≥2) has the highest betweenness centrality coefficient. Among the RIN
of fishing vessels, WF1 (Wind force is 0–5) possesses the highest
betweenness centrality coefficient. Similarly, in the RIN of oil tankers,Fig. 4. Constructing the shrinking nodes matrix.
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SEA1 (Seaworthiness) features the highest betweenness centrality co-
efficient. A larger betweenness centrality coefficient of the RIFs in-
dicates a more significant pivotal role in connecting different nodes in
the RIN.

In the RIN of fishing vessels, the RIFs with large closeness centrality
coefficient are PF2 (PSC/FSC inspection assured), VIS2 (No adminis-
trative violations in supervision), CC2 (Good company safety culture),
SUP2 (Adequate administrative supervision), and EB2 (Good

Fig. 5. RIN of accident RIFs involving bulk carriers (Created using Gephi).

Fig. 6. The dissimilarity result of RINs (Created using Python).
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educational background of the crew). Table 2 shows the RIFs with larger
closeness centrality coefficient in the RINs of other ship types.

These RIFs are centrally located within the RIN, with short distances
to other RIFs, allowing for rapid propagation. For example, in the RIN of
fishing vessels, the closeness centrality coefficient of EB2 (Good
educational background of the crew) is larger, categorizing it as a human
factor. In an emergency, crew members with poor educational back-
grounds may struggle to communicate effectively with foreign crew
members, reducing inter-team collaboration efficiency and potentially
leading to marine accidents. Numerous studies have shown that 89 to 95
percent of marine accidents are related to human factors (Guan et al.,
2023), underscoring the importance of human factors in RINs.

A comprehensive analysis of the nodal betweenness centrality coef-
ficient and closeness centrality coefficient of the RINs for bulk carriers,
container ships, fishing vessels, and oil tankers reveals significant dif-
ferences in their RIN structures and key nodes. In the RIN of bulk car-
riers, the company’s safety management level holds a key position, and
inadequate safety management may lead to frequent accidents. In the
RIN of container ships, the ratio of channel width to ship length is the
key node, directly affecting navigation safety. In the RIN of fishing
vessels, wind magnitude is an important node in the propagation of
accident RIFs, significantly impacting the evolution of fishing vessel
accidents. In the RIN of oil tankers, the seaworthiness of ships is
underscored as a pivotal RIF, significantly impacting both maneuvering

and safety aspects.

4.3. The causality analysis of RIFs

This section analyses the causal relationships between the RIFs using
centrality degree, reason degree, and weight. Firstly, the RIN matrix is
transformed into the direct influence matrix H using Equation (12).
Secondly, the direct influence matrix H is normalized using Equations
(14) and (15) to obtain the normalized direct influence matrix staH.
Then, the comprehensive influence matrix TH is derived from Equation
(16). Finally, the causal distribution and weight distribution of each RIF
are plotted using the centrality degree values, reason degree values, and
weight values.

Centrality degree (CT) is an indicator that assesses the importance
and influence of each RIF in marine accidents. The reason degree (RT)
distinguishes whether the RIFs act as initiators or recipients of influence.
The weight (W) combines the attributes of centrality degree and reason
degree and minimizes the impact of positive and negative values in
causality, thereby more accurately reflecting the combined importance
of each RIF. Through an in-depth analysis of centrality degree, reason
degree, and weight, this study comprehensively analyses the mecha-
nisms of marine accidents and the interrelationships between RIFs,
providing an important insight for developing effective prevention
strategies. Fig. 8 illustrates the causal distribution of the RIFs for the
marine accidents across four ship types, while Fig. 9 displays the dis-
tribution of the weight of these RIFs.

As depicted in Fig. 8, the most prominent RIFs influencing marine
accidents involving container ships are CS1 (Current speed< 2kn), VIS2
(No administrative violations in supervision), EB2 (Good educational
background of the crew), WF1 (Wind force 0–5), and R2 (Adequate
regulations for the administration). The centrality values of these RIFs
are 0.0783, 0.0780, 0.0767, 0.0717, and 0.0703, respectively. Table 3
shows the RIFs for other ship types with larger values for the centrality
degree.

When RT > 0, it indicates that this RIF is a causal factor affecting
other RIFs. A larger value of RT suggests that this RIF is more likely to
influence other RIFs within complex systems. When RT < 0, it indicates
that the RIF is an outcome factor susceptible to the influence of other

Fig. 7. Distribution of nodal betweenness centrality coefficient and closeness centrality coefficients.

Table 2
The RIFs with large closeness centrality coefficient.

Ship types RIFs

Bulk carriers EB2 (Good educational background of the crew), SM1 (Adequate
manning of ships), EP3 (Engine power ≥3000 KW), SC1 (Complete
and valid ship certificates) and GT3 (Gross tonnage ≥3000t)

Container
ships

CS1 (Current speed <2 kn), VIS2 (No administrative violations in
supervision), EB2 (Good educational background of the crew), WF1
(Wind force 0–5) and TRA2 (Adequate company training)

Oil tankers GT3 (Gross tonnage ≥3000t), SFS2 (No defects in the company’s
safety management system), VIS2 (No administrative violations in
supervision), CS1 (Current speed <2 kn) and EP3 (Engine power
≥3000 KW)
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RIFs. The smaller the value of RT, the more susceptible the RIF is to the
influence of other RIFs within a complex system. For oil tanker acci-
dents, the three most prominent RIFs among the causal factors are OE2
(No operational error for the crew), SFM2 (Adequate company safety
management), and V4 (Visibility good and very good - Vis ≥5 nm). The
three most prominent RIFs among the outcome factors of oil tanker
marine accidents are SEA1 (Seaworthiness), R2 (Adequate regulations
for the administration), and SFC1 (Seafarers’ certificates complete and
valid). Table 4 shows the RIFs of other ship types with larger values for
the reason degree.

Therefore, when considered together, causal factors with large cen-
trality degree values are key RIFs and primary drivers of accidents.
Taking oil tanker accidents as an example, the most significant RIFs
include CC2 (Good company safety culture), TAS2 (5 ≤ The crew’s time
at sea <10 years), TRA2 (Adequate company training), and TD2 (High
traffic density). These RIFs play a crucial role in the accident chain and
can serve as initial triggers before an accident occurs. Different RIFs
function in various ways and can have adverse effects throughout the
voyage. For example, company management factors, represented by
CC2 (Good company safety culture) and TRA2 (Adequate company
training), pose significant risks in ship operations and can hinder
emergency responses, thus contributing to accidents. Enhanced man-
agement and preventive measures for these RIFs are crucial to mini-
mizing the risk of accidents and ensuring safety at sea. Simultaneously,
outcome factors with large centrality degree values play a crucial role in
the transmission of risk within the system. For fishing vessel accidents,
key RIFs include PF2 (PSC/FSC inspection assured), SM1 (Adequate
manning of ships), VIS2 (No administrative violations in supervision),
SFC1 (Seafarers’ certificates complete and valid), R2 (Adequate regu-
lations for the administration), and SC1 (Complete and valid ship cer-
tificates). These RIFs are significantly influenced by other RIFs.
However, due to their high centrality degree values, any alteration in
them could profoundly impact the evolution of marine accidents.
Therefore, special attention needs to be paid to these RIFs (e.g., safety
management systems and the educational background of the crew) to
mitigate their negative impacts and prevent them from exacerbating
marine accidents further. In order to mitigate the risk of accidents and
ensure maritime safety, it is imperative to verify the stability and

compliance of these critical RIFs through appropriate measures.
Examined from a causal perspective, this study offers insights into

the dynamic transfer of information among RIFs. By analysing the
impact of each RIF on others, the causality among key RIFs during an
accident can be revealed. Such analyses help to understand the dynamic
mechanisms of accident occurrence, as well as the interactions and
impacts among different RIFs within the accident. Using the example of
an oil tanker accident, it can be observed that SFS2 (No defects in the
company’s safety management system) is one of the most influential
RIFs. In a causality analysis, this study can further explore the impact of
this RIF on other RIFs. For example, an effective company safety man-
agement system promotes regular inspection and maintenance of the
ship’s equipment, thereby reducing the risk of accidents. Conversely,
deficiencies in the management system may lead to the crew dis-
regarding safety regulations, thereby increasing the likelihood of acci-
dents. Additionally, another significant RIF is EB2 (Good educational
background of the crew). The impact of the crew’s educational back-
ground on accident occurrence can be examined through causality an-
alyses. A solid educational background equips crew members with the
capability to respond effectively to emergencies, consequently reducing
the occurrence of accidents. Conversely, crew members with lower
levels of education may struggle to respond appropriately to emergen-
cies, thereby heightening the risk of accidents. Analysing the causal
relationships between these RIFs can enhance the understanding of the
dynamics of the accident process. Specifically, deficiencies in manage-
ment systems can result in incomplete enforcement of safety regulations,
subsequently influencing crew behaviour and response capabilities, ul-
timately heightening the risk of accidents. Analysing this dynamic in-
formation transfer helps to unveil the root causes of accidents and serves
as a crucial reference for developing effective prevention strategies.

By integrating centrality degree, reason degree, and weight to
analyse accidents involving four ship types, this study can identify both
similarities and differences among them regarding key RIFs. While
human factors, such as the educational background of the crew, may
share commonalities across ship types, distinct differences in specific
RIFs of accidents are evident among them. Bulk carrier accidents are
notably influenced by RIFs such as the ship’s main engine power and
navigational density, whereas marine accidents of container ship tend to

Fig. 8. Causal distribution of RIFs.
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be affected by factors like current speed and the company’s safety
management system. Moreover, in the context of fishing vessel acci-
dents, the maritime authority’s management factors play a pivotal role

Fig. 9. The weight distribution of RIFs.

Table 3
The RIFs with large centrality degree values.

Ship types RIFs

Bulk carriers SC1 (Complete and valid ship certificates), SM1 (Adequate manning
of ships), EB2 (Good educational background of the crew), SFC1
(Seafarers’ certificates complete and valid) and EP3 (Engine power
≥3000 KW)

Fishing
vessels

PF2 (PSC/FSC inspection assured), SM1 (Adequate manning of
ships), VIS2 (No administrative violations in supervision), CC2 (Good
company safety culture) and SFC1 (Seafarers’ certificates complete
and valid)

Oil tankers SFS2 (No defects in the company’s safety management system), EB2
(Good educational background of the crew), VIS2 (No administrative
violations in supervision), CS1 (Current speed<2 kn) and GT3 (Gross
tonnage ≥3000t)

Table 4
The RIFs with large reason degree values.

Ship types Causal factors Outcome factors

Bulk
carriers

OE2 (No operational error
for the crew), TD1 (Low
traffic density) and WL2 (1≤
Fairway width/ship length
<2)

C2 (No communication problems for
the crew), SM1 (Adequate manning
of ships) and SEA1 (Seaworthiness)

Container
ships

V4 (Visibility good and very
good - Vis ≥5 nm), DDR3
(1.5 ≤ Depth-draft ratio <3)
and SA1 (The ship age is
0–10 years)

SM1 (Adequate manning of ships),
SC1 (Complete and valid ship
certificates) and SFC1
(Seafarers’certificates complete and
valid)

Fishing
vessels

DDR4 (Depth-draft ratio
≥3), TD1 (Low traffic
density) and DDR3 (1.5 ≤

Depth-draft ratio <3)

SEA1 (Seaworthiness), C2 (No
communication problems for the
crew) and SC1 (Complete and valid
ship certificates)
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in prevention at sea, while oil tanker accidents are more prone to be
influenced by the management factors of the shipping company. Hence,
conducting an in-depth and comprehensive analysis of the centrality
degree, reason degree, and weight of RIFs in various ship types of ac-
cidents can facilitate a comprehensive understanding of their charac-
teristics. This analysis can also provide a scientific basis and guidance for
shipping safety management.

4.4. The hierarchical structure analysis of RIFs

This section analyses the coupling relationships between the RIFs by
examining the hierarchical topology diagram. Firstly, this study employs

an intercept threshold to eliminate less influential relationships in the
comprehensive influence matrix TH, thereby establishing the relation-
ship matrix AH. Secondly, Boolean operations are conducted using
Equations (27) and (28) to derive the reachability matrix RH. Subse-
quently, the skeleton matrix GH is derived from the reachability matrix
RH by reducing the points and edges of the matrix. Building upon this,
the hierarchical structure of RIFs is elucidated using UP-type and
DOWN-type extraction methods. Finally, a further hierarchical division
of the set elements is conducted to illustrate the topology of the hier-
archical structure. Among them, the UP/DOWN-type confrontation hi-
erarchy topology of bulk carriers is illustrated in Fig. 10. The
confrontation hierarchy topology for other ship types is provided in

Fig. 10. Topological hierarchical structural model diagram for bulk carriers.
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Figure D1 of Appendix D.
The UP-type confrontation hierarchy topology diagram divides the

hierarchy based on result orientation, while the DOWN-type confron-
tation hierarchy topology diagram divides the hierarchy based on cause
orientation. The reachability relationships between the RIFs for marine
accidents are depicted by directed line segments. The rectangular box
plots in Fig. 10 depict the formation of loops, signifying that the RIFs
within the box plots are interconnected in a mutually reachability
relationship, thus forming a strongly connected component. Simulta-
neously, the positioning of RIFs in the lower tier indicates a deeper
rootedness, while those in the upper tier suggest a more direct influence.
As shown in Fig. 10 and Figure D1 of Appendix D, the RIFs for marine
accidents involving bulk carriers, fishing vessels, and oil tankers are
divided into three levels: direct influencing factors (D-RIFs), indirect
influencing factors (I-RIFs), and underlying influencing factors (U-RIFs).
The RIFs for marine accidents involving container ships are divided into
two levels: direct influencing factors (D-RIFs) and underlying influ-
encing factors (U-RIFs).

(1) Loop analysis

Cyclic loops, also known as strongly connected components, are
identified and merged using the Tarjan algorithm (Eisner, 2023). In this
study, several strongly connected components are identified. Taking the
adversarial hierarchical topology feature diagram of bulk carriers as an
example, as shown in Fig. 10, the components PPS2/PF2/VIS2/-
SEA1/WF1/EB2/CS1/SS1/R2/SUP2/FS2/ROP2/SC1/C2/CC2/SFC1/-
TRA2/D2/SM1/GT3/EP3/SFS2, TAS2/TIR2, and OE1/VO1 form
strongly connected components, each of which is analysed as a single
node. Strongly connected components signify strong interaction de-
pendencies among the RIFs they encompass. For instance, given that
both OE1 and VO1 are human factors influencing the incidence of ma-
rine accidents, a failure in either OE1 or VO1 would signify the influence
of human factors on marine accidents. Likewise, an issue with either
TAS2 or TIR2 could suggest that the ship is not seaworthy. Hence, it is
crucial to closely monitor these cyclically linked strongly connected
components. A failure in any single RIF within these components may
activate multiple RIFs simultaneously, potentially exacerbating the
severity of the accident.

(2) Analysis of isolated factors

From Figure D1(b) of Appendix D, it can be observed that D1/TRA1
forms an isolated strongly connected component within the RIN of
fishing vessel. The D1/TRA1 component is not connected by directional
lines to other RIFs, indicating that it neither influences nor is influenced
by other RIFs. This implies that D1/TRA1 can directly impact the
occurrence of marine accidents without needing to interact with other
RIFs. This is because D1 (Inadequate company training) and TRA1 (Off-
schedule company drill) cannot be addressed by altering RIFs such as
environmental and human factors, they are primarily associated with
the training strategy of company management and the scheduling of
drill programs. Monitoring this isolated strongly connected component
throughout the voyage is not feasible. Therefore, constant vigilance
should be maintained on such isolated RIFs even before the ship sets sail,
so as to mitigate the risks they pose during the sea voyage.

(3) Analysis of surface layer factors, middle-level factors and un-
derlying factors

Table D1 of Appendix D presents the results of adversarial hierarchy
analysis for the accidents involving four ship types. D-RIFs, as the
resultant layer factors, occupy the highest level of the system and do not
emit directed line segments, and they are solely influenced by other
RIFs. These RIFs are the most direct factors affecting marine accidents.
The effects of other factors in the system are transferred to the D-RIFs,

which in turn directly lead to the occurrence of marine accidents,
demonstrating the strong outcome property of the D-RIFs. I-RIFs, also
known as transition layer factors, are influenced by U-RIFs and can
subsequently transmit their effects to D-RIFs. They are both affected by
U-RIFs and have an impact on D-RIFs, playing a pivotal role in carrying
on and coordinating the linkage. They need to be taken into account
when formulating prevention programs for marine accidents. U-RIFs
have a strong causal influence on other RIFs, emitting only directed line
segments in the topological diagram. These RIFs can directly or indi-
rectly affect other RIFs in the system, playing a dominant role in the
occurrence of marine accidents and should be focused on.

To conduct a comprehensive analysis of D-RIFs, I-RIFs, and U-RIFs, a
complete topology diagram of the hierarchy is selected as an example for
this study. As depicted in Figure D1(b) of Appendix D, a complete system
exists in the DOWN-type adversarial hierarchy topology diagram of
fishing vessels, namely, L3→ L2→ L1. The L3 layer includes RIFs such as
CC1, DDR4, TD1, TAS2, ROP2, DDR3, V4, ROP1, TD2, OE1, D1, TAR1,
and others. The L2 layer comprises RIFs such as SFM1, L3, VO1, and
others. The L1 layer consists of FS2, TIR2, WF1, EB2, CS1, SFM2, SM1,
R2, TRA2, VO2, C2, SFC1, SC1, PPS2, SUP2, VIS2, SEA1, SS1, WL3, D2,
OE2, SFS2, CC2, EP1, GT1, PF2, and other RIFs. Complex interactions
exist between the RIFs of L1, L2, and L3. Analysis of the RIFs at Layer L3
reveals that most of them pertain to the safety management factors of
the company. The RIFs at Layer L3 are the core factors affecting marine
accidents. This indicates that the safety management factors of the
company underlie accidents at sea on fishing vessels, aligning with the
conclusions of sections 4.2 and 4.3, thereby further confirming the
consistency between these analyses. Layer L2 encompasses human,
environmental, management, and other aspects of RIFs, indicating the
diversity of I-RIFs. Therefore, effectively preventing and controlling
these multifaceted I-RIFs will be a highly complex undertaking. These I-
RIFs do not act directly but serve as intermediaries in the information
transfer process. Thus, by effectively managing this layer, the informa-
tion transfer channel from U-RIFs to D-RIFs can be blocked. In the L3
layer, the RIFs form a large strongly connected component, creating
loops. D-RIFs directly contribute to maritime accidents. Using WL3
(Fairway width/ship length ≥2) as an example within this strongly
connected component, controls to WL3, such as changes in the ratio of
fairway width to ship length, may elevate the risk of capsizing,
grounding, or mechanical damage to the vessel. Addressing D-RIFs can
swiftly and effectively reduce the likelihood of accidents or alleviate
their severity.

Through an in-depth analysis of the topology of the confrontation
hierarchy of the accidents involving four ship types, this study reveals a
common feature among them: human and management factors play
significant roles in the occurrence of marine accidents across all four
ship types. However, to comprehensively understand the nature of these
accidents, further exploration of the complex inter-coupling of RIFs in
the risk transfer phase is necessary. In the maritime field, human factors
encompass various elements, including but not limited to, educational
background, the physical and mental health of the crew. These factors
frequently contribute to accidents and can worsen their consequences.
For instance, when the crew is in poor physical or mental condition, it
can lead to errors in ship maneuvering, potentially resulting in collisions
or grounding events. At the management level, RIFs involve both
maritime authorities and shipping companies, encompassing factors
related to regulations, rectification of issues, and crew training, among
others. Therefore, in preventing marine accidents, maritime authorities
and shipping companies must ensure that crew training meets standard
requirements and establish regular exercise programs. This practice will
enhance the emergency response capabilities of crew members and
strengthen the level of ship safety management, effectively reducing the
risk of accidents. However, it is also important to recognize the vari-
ability that may exist between different ship types when confronted with
maritime safety challenges. For marine accidents involving bulk carriers
and fishing vessels, the influence of the ship’s own attribute factors, such
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as ship age, main engine power, and ship tonnage, may be more pro-
nounced. To mitigate the impact of these RIFs, attention should be
directed towards ensuring the compliance of the ship’s structure and
loading conditions to maintain stability and safety in various conditions.
Conversely, container ships and tankers face greater challenges due to
environmental factors, such as adverse weather and channel congestion.
Therefore, special consideration should be given to the impact of envi-
ronmental factors when devising safety measures for these vessels. This
may involve aspects such as meticulous voyage planning and the
development of strategies to cope with extreme weather conditions.

In summary, targeted measures must be implemented for different
ship types to focus on and manage the factors involved, aiming to
minimize the risk of marine accidents. This necessitates active
involvement from both ship operators and regulatory agencies, as well
as interdisciplinary cooperation and an integrated management
approach, all working together to ensure the safe and sustainable
development of marine transport.

5. Implications

Based on the results and discussion presented in Section 4, the CWA
model proposed in this study enables a thorough understanding and
analysis of the interactions among RIFs for marine accidents of various
ship types. Significant differences exist in the key RIFs associated with
marine accidents across various ship types, highlighting the necessity for
targeted management and prevention strategies. The following man-
agement recommendations are provided for marine accidents of
different ship types, using the four primary ship types analysed in this
study as examples:

(1) For bulk carriers, key RIFs include the company’s safety man-
agement level, main engine power, and navigational density. To
enhance the safety of bulk carriers, it is recommended to
strengthen the company’s safety management system, conduct
regular safety inspections and drills, and improve the crew’s
safety awareness and operational skills. Additionally, the
configuration of the main engine power should be optimized to
ensure the reliable operation of equipment. Special management
measures should be implemented in areas with high navigational
density to mitigate the risk of accidents caused by equipment
failure or congested traffic.

(2) For container ships, key RIFs include the channel width-to-length
ratio, current speed, and the company’s safety management sys-
tem. It is recommended to optimize channel design and ship
operational strategies for container ships to achieve a reasonable
channel width-to-length ratio and reduce the risk of accidents.
Additionally, the impact of current speed on navigation should be
monitored and managed, and the effectiveness of the company’s
safety management system should be improved to enhance nav-
igation safety and mitigate accidents caused by environmental
factors.

(3) For fishing vessels, key RIFs include the crew’s educational
background, wind force, and regulatory management factors. To
enhance the safety of fishing vessels, it is recommended to
improve the education and training quality of crew members,
particularly their emergency response capabilities. Additionally,
regulatory authorities should strengthen their management and
supervision to ensure compliance with safety standards, thereby
reducing accidents caused by human factors and inadequate
surveillance.

(4) For oil tankers, key RIFs emphasize the ship’s seaworthiness and
the management practices of the shipping company. To ensure
the safety of oil tankers under various sailing conditions, it is
recommended to prioritize the management of the vessel’s
seaworthiness. Additionally, enhancing the safety management
standards of shipping companies, implementing stringent

operation and maintenance procedures, and minimizing human
errors will further improve the safety of oil tankers.

Overall, while the RIFs for marine accidents vary among different
ship types, they all highlight the critical role of human and management
factors. Ship operators, shipping companies and maritime authorities
should focus on the following key areas: improving the education and
professional skills of crew members, particularly their emergency
response abilities; conducting regular safety training and drills to
enhance crew members’ emergency response capabilities; strengthening
the management of shipping companies and establishing stringent
operation and maintenance procedures to ensure the safety under
various navigational conditions; utilizing advanced technological solu-
tions to optimize ship design and operations, thereby reducing accidents
related to equipment failures; and developing effective response stra-
tegies to address environmental challenges faced by different ship types.
Specifically, for container ships and oil tankers, special attention should
be given to voyage planning and safety measures, especially during
adverse weather conditions and channel congestion.

In summary, critical RIFs for marine accidents vary in characteristics
and complexities across different ship types and necessitate targeted
management measures. Addressing these factors requires not only the
active participation of ship operators and maritime authorities but also
an advanced technical surveillance approach to achieve safe and sus-
tainable marine transport. By thoroughly understanding and managing
the key RIFs for various ship types, the risk of marine accidents can be
effectively reduced, thereby promoting the long-term development of
the maritime industry.

6. Conclusions

This study proposes an innovative analytical model known as CWA, a
comprehensive method comprising CN, WINGS, and AISM. Through the
application of this model, this study successfully analyses the differences
in RIFs among marine accidents involving various ship types. The
research results demonstrate notable disparities in the primary RIFs
influencing marine accidents across various ship types. It offers new
perspectives and methods for marine safety management.

This study innovatively provides valuable insights for the develop-
ment of heterogeneous programs aimed at preventing accidents of
different ship types. However, this study has some limitations, firstly,
the database of this study only covers marine accident data from 2000 to
2019. Collecting marine accident data from additional years in future
studies is necessary to conduct more scientifically robust analyses.
Secondly, the RIFs database used in this study was manually extracted
after screening marine accident investigation reports. Future studies
should include sensitivity analyses to evaluate the impact of different
data extraction methods on the results. Finally, the ARM technique
employed in this study could not demonstrate the causality between
RIFs. Future studies could explore more advanced causal data mining
algorithms to uncover the causal relationships between RIFs.
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Appendix A. The RIFs database description of the marine accidents

Table A1
Marine accidents RIFs database.

Level I Level II Variables Value/definition Corresponding values

Accident Accident type AT collision, stranding/grounding, fire/explosion, contact, capsize/foundering, hull/
machinery damage, other

1,2,3,4,5,6,7

Month M January, February, March, April, May, June, July, August, September, October,
November, December

1,2,3,4,5,6,7,8,9,10,11,12

Time T 0000-0400, 0400–0800, 0800–1200, 1200–1600, 1600–2000, 2000-2400 1,2,3,4,5,6

Human Physical & Psychological
state

PPS poor, good 1,2

Education background EB poor, good 1,2
Time at sea TAS <5 years, 5≤ time <10 years, ≥10 years 1,2,3
Time in present rank TIR <1 year, 1 ≤ time <5 years, ≥5 years 1,2,3
Communication problem C yes, no 1,2
Operational error OE yes, no, unknown 1,2,3
Violation operation VO yes, no, unknown 1,2,3

Ship Age SA 0–10 years, 10–20 years, 20–30 years, ≥30 years 1,2,3,4
Gross tonnage GT <500 t, 500–3000 t, ≥3000t 1,2,3
Engine power EP <750 KW, 750–3000 KW, ≥3000 KW 1,2,3
Flag state FS Flag of convenience, Not flag of convenience 1,2
Ship’s certificates SC complete and valid, incomplete or invalid 1,2
Ship manning SM adequate, inadequate 1,2
Seafarers’ certificates SFC complete and valid, incomplete or invalid 1,2
Seaworthiness SEA yes, no 1,2
PSC/FSC inspection PF unsure, sure 1,2

Environment Location L Inland waters, Port, Coastal waters, Open Sea 1,2,3,4
Visibility V very poor - Vis <0.5 nm, Poor - 0.5 ≤ Vis<2 nm, Moderate - 2 ≤Vis <5 nm, Good and

very good - Vis ≥5 nm
1,2,3,4

Wind force WF 0-5, 6–7, 8–9, 10-12 1,2,3,4
Sea state SS 0-3, 4–5, 6–7, 8-9 1,2,3,4
Current speed CS <2kn, 2-4kn, ≥4kn 1,2,3
Traffic density TD low, high 1,2
Fairway width/ship length WL w/l < 1, 1 ≤ w/l < 2, w/l ≥ 2 1,2,3

​ Depth-draft ratio (h/d) DDR h/d < 1.2, 1.2 ≤ h/d < 1.5, 1.5 ≤ h/d < 3, h/d ≥ 3 1,2,3,4

Management Regulation R inadequate, adequate 1,2
Supervision SUP inadequate, adequate 1,2
Violation in supervision VIS yes, no 1,2
Safety management system SFS defective, non-defective 1,2
Safety management SFM inadequate, adequate 1,2
Rectification of problems ROP unresponsive, responsive 1,2
Company safety culture CC poor, good 1,2
Training TRA inadequate, adequate 1,2
Drill D off schedule, stick to the schedule 1,2

Note: The unit of wind rating is “Beaufort scale”; The unit of the sea state class is the “Douglas scale.
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Appendix B. The RINs for marine accidents involving Container ship, Fishing vessels and Oil tanker

Fig. B1. Interactive network of RIFs for marine accidents.

Appendix C. Comparison analysis with BN model

To effectively present the results, this study draws on previous studies (Cao et al., 2023a; Fan et al., 2020; Feng et al., 2024a) and uses “accident
severity” and mutual information between RIFs as the core metrics for evaluation. The objective of this section is to demonstrate that the proposed
model offers enhanced reasonableness, accuracy, and capability in marine risk analysis. Information on the establishment procedure of BN model is
available in previous studies (Cao et al., 2023a; Fan et al., 2020).

Using marine accidents involving fishing vessel as an example, Figure C1 of Appendix C illustrates the BN model results for these accidents, with
the mutual information between “Accident Severity” and RIFs presented in Table C1 of Appendix C. The CWA model and the BN model exhibit a high
degree of consistency in identifying key RIFs, such as vessel attributes, environmental conditions, and crew-related factors. Specifically, the CWA
model identifies RIFs like PF2, SM1, VIS2, CC2, SFC1, R2, SC1, TRA2, EB2, and SEA1 as having significant impacts on fishing vessel accidents. Among
these, PF2 pertains to vessel attributes, while SM1, SFC1, SC1, and EB2 are related to crew factors, and SEA1 corresponds to environmental factors.
The BN model also identifies these RIFs as key. However, the CWA model offers deeper insights into these complex RIFs. In addition to vessel,
environmental, and crew factors, the CWAmodel highlights the critical roles of safety culture and management oversight, such as RIFs VIS2 and CC2,
which are essential for accident prevention and management. In contrast, while the BN model identifies a broad range of RIFs, it lacks the systematic
analysis and depth of understanding concerning hierarchical structural. By transitioning from static analysis to dynamic, hierarchical structural
parsing, the CWAmodel provides greater comprehensiveness and depth, effectively revealing complex accident causes and offering strong support for
developing comprehensive risk management strategies.
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Table C1
Mutual information shared with “Accident Severity”.

Node Mutual Information Node Mutual Information

Engine power 0.04543 Company safety culture 0.01858
Fairway width/ship length 0.04307 Current speed 0.01844
Ship manning 0.04206 Operational error 0.01676
Location 0.04098 Depth-draft ratio 0.01615
Gross tonnage 0.03895 Seaworthiness 0.01598
Physical & Psychological state 0.03611 Seafarers certificates 0.01595
Month 0.03589 Wind force 0.01554
Violation operation 0.03542 Training 0.01547
PSC/FSC inspection 0.03403 Time in present rank 0.01409
Accident type 0.03356 Time at sea 0.01105
Visibility 0.03284 Regulation 0.00837
Safety management 0.02852 Drill 0.00764
Supervision 0.02566 Traffic density 0.0073
Violation in supervision 0.02533 Education background 0.00394
Ship’s certificates 0.02419 Ship age 0.0032
Communication problem 0.02395 Flag state 0.00152
Sea state 0.02332 Time 0.00152
Safety management system 0.02204 Rectification of problem 0.00134

Fig. C1. Modelling results of BN.

Appendix D. The results of hierarchy analysis
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Fig. D1. Topological hierarchical structural model diagram.

Table D1
Results of adversarial hierarchy analysis.

Ship type Layer Result Priority-UP Type Effect Priority-DOWN Type

Bulk Carrier Level
1

’SS1’, ’GT3’, ’SC1’, ’SM1’, ’ROP2’, ’SEA1’, ’PPS2’, ’SUP2’, ’WF1’, ’EB2’,
’C2’, ’FS2’, ’VIS2’, ’SFC1’, ’CC2’, ’D2’, ’CS1’, ’EP3’, ’PF2’, ’SFS2’, ’TRA2’,
’R2′

’SS1’, ’GT3’, ’SC1’, ’SM1’, ’ROP2’, ’SEA1’, ’PPS2’, ’SUP2’, ’WF1’, ’EB2’,
’C2’, ’FS2’, ’VIS2’, ’SFC1’, ’CC2’, ’D2’, ’CS1’, ’EP3’, ’PF2’, ’SFS2’, ’TRA2’,
’R2′

Level
2

’SFM1’, ’DDR3’, ’ROP1’, ’VO2’, ’WL3’, ’FS1’, ’SA2’, ’DDR2’, ’TIR2’,
’SFM2’, ’TD1’, ’SA1’, ’L3’, ’L2’, ’V1’, ’TAS2′

’L2’, ’SFM1’, ’VO2′

Level
3

’SUP1’, ’VO1’, ’TD2’, ’WL2’, ’OE1’, ’OE2′ ’SUP1’, ’VO1’, ’SA2’, ’TIR2’, ’L3’, ’V1’, ’OE1’, ’DDR3’, ’TD1’, ’SA1’,
’TAS2’, ’ROP1’, ’WL3’, ’SFM2’, ’WL2’, ’FS1’, ’DDR2’, ’TD2’, ’OE2′

Container
Ship

Level
1

’EB2’, ’PF2’, ’R2’, ’ROP2’, ’SFS2’, ’SS1’, ’FS2’, ’SEA1’, ’EP3’, ’TAS2’,
’TRA2’, ’WL3’, ’SFM2’, ’VIS2’, ’WF1’, ’VO2’, ’D2’, ’SM1’, ’C2’, ’CS1’,
’SFC1’, ’GT3’, ’SC1’, ’TIR2’, ’PPS2’, ’CC2’, ’SUP2′

’EB2’, ’PF2’, ’R2’, ’ROP2’, ’SFS2’, ’SS1’, ’FS2’, ’SEA1’, ’EP3’, ’TAS2’,
’TRA2’, ’WL3’, ’SFM2’, ’VIS2’, ’WF1’, ’VO2’, ’D2’, ’SM1’, ’C2’, ’CS1’,
’SFC1’, ’GT3’, ’SC1’, ’TIR2’, ’PPS2’, ’CC2’, ’SUP2′

Level
2

’DDR2’, ’ROP1’, ’OE2’, ’TD1’, ’WL2’, ’DDR3’, ’SFM1’, ’SUP1’, ’TD2’,
’VO1’, ’AT1’, ’V4’, ’OE1’, ’SA1’, ’L2’, ’SA2’, ’T2′

’DDR2’, ’ROP1’, ’OE2’, ’TD1’, ’WL2’, ’DDR3’, ’SFM1’, ’SUP1’, ’TD2’,
’VO1’, ’AT1’, ’V4’, ’OE1’, ’SA1’, ’L2’, ’SA2’, ’T2′

Fishing
Vessel

Level
1

’VIS2’, ’WF1’, ’C2’, ’VO1’, ’FS2’, ’EB2’, ’TRA1’, ’SUP2’, ’EP1’, ’PPS2’,
’CS1’, ’D1’, ’SFM2’, ’VO2’, ’SFS2’, ’WL3’, ’SFC1’, ’R2’, ’PF2’, ’SC1’,
’SFM1’, ’SS1’, ’D2’, ’TRA2’, ’OE2’, ’SEA1’, ’TIR2’, ’GT1’, ’SM1’, ’CC2′

’VIS2’, ’WF1’, ’C2’, ’FS2’, ’EB2’, ’SUP2’, ’EP1’, ’PPS2’, ’CS1’, ’SFM2’,
’VO2’, ’SFS2’, ’WL3’, ’SFC1’, ’R2’, ’PF2’, ’SC1’, ’SS1’, ’D2’, ’TRA2’, ’OE2’,
’SEA1’, ’TIR2’, ’GT1’, ’SM1’, ’CC2′

Level
2

’TAS2’, ’TD1’, ’ROP2’, ’CC1’, ’TD2’, ’V4’, ’L3’, ’OE1’, ’DDR3’, ’ROP1′ ’SFM1’, ’L3’, ’VO1′

Level
3

’DDR4′ ’TAS2’, ’TD1’, ’ROP2’, ’CC1’, ’TD2’, ’TRA1’, ’V4’, ’OE1’, ’DDR4’, ’D1’,
’DDR3’, ’ROP1′

Oil Tanker Level
1

’GT3’, ’TAS2’, ’L2’, ’OE1’, ’VIS2’, ’SFM2’, ’VO2’, ’R2’, ’SA1’, ’PPS2’, ’FS2’,
’SFS2’, ’SFM1’, ’SS1’, ’CC2’, ’SEA1’, ’PF2’, ’TD2’, ’C2’, ’WF1’, ’TRA2’,
’ROP2’, ’EB2’, ’TIR2’, ’D2’, ’SFC1’, ’EP3’, ’CS1’, ’SUP2′

’GT3’, ’TAS2’, ’L2’, ’OE1’, ’VIS2’, ’SFM2’, ’VO2’, ’R2’, ’SA1’, ’PPS2’, ’FS2’,
’SFS2’, ’SFM1’, ’SS1’, ’CC2’, ’SEA1’, ’PF2’, ’TD2’, ’C2’, ’WF1’, ’TRA2’,
’ROP2’, ’EB2’, ’TIR2’, ’D2’, ’SFC1’, ’EP3’, ’CS1’, ’SUP2′

Level
2

’FS1’, ’DDR2’, ’CC1’, ’SUP1’, ’TRA1’, ’WL3’, ’OE2’, ’TIR1’, ’WL2’, ’AT1’,
’TD1’, ’VO1′

’WL3′

Level
3

’V4′ ’FS1’, ’DDR2’, ’CC1’, ’SUP1’, ’TRA1’, ’OE2’, ’TIR1’, ’WL2’, ’V4’, ’AT1’,
’TD1’, ’VO1′
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