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Reliable shipboard operations depend on effective communication and situational awareness among multina-
tional crews. Language barriers and cultural diversity, if unmanaged, can degrade operational reliability and
compromise safety-critical decision-making. Yet quantitative evidence on how language and cultural diversity
shape accident risk remains limited. This study applies a Bayesian Network (BN) framework to assess the reli-
ability and safety implications of language and cultural diversity using 550 maritime accident investigations.
Natural Language Processing (NLP) extracted indicators, including crew nationality composition, language di-
versity (Shannon Index), cultural diversity (Hofstede Index), and adherence to Standard Maritime Communi-
cation Phrases (SMCP), which were integrated into the BN model. Parameters were estimated using the
Expectation Maximization (EM) algorithm, allowing the model to quantify pathways to communication errors,
conflict, and accident severity. Results show that high language diversity and low proficiency substantially in-
crease communication failures: miscommunication and misinterpretation together account for 68% of observed
errors (43% and 25%), with high language diversity the most frequent state (~48%). Verbal exchanges remain
the most failure-prone mode (47%), and container ships account for the largest share of communication-related
accidents (42%), with collision and grounding comprising 41% and 24% of incidents. At the consequence level,
major repairs are the modal outcome (~40%), but scenario analysis shows that under highly adverse diversity
and proficiency configurations, the combined probability of major repair and total loss can exceed 60%.
Strength-of-influence results identify vessel size, nationality, and language diversity as structural drivers (0.54),
while language training (0.26), SMCP use (0.24), and cultural familiarization (0.27) are the most effective levers
to improve proficiency and reduce conflicts. Scenario analysis further demonstrates that aligning these levers can
cut total loss probability on large container ships from about 23% under stressed human-factor conditions to 3%
under best-practice communication settings, while shifting incident severity toward minor outcomes and con-
taining casualties. These results provide a quantitative basis for setting language-training thresholds, enforcing
SMCP, and designing crew-mix and cultural familiarization policies in maritime safety management.

1. Introduction

The safe operation of ships is a matter of critical importance given
that around 90% of global trade by volume is carried by sea [42,43].
Despite improvements in ship design, technology, and regulation,
maritime accidents continue to occur and can have catastrophic conse-
quences, from loss of life and environmental damage to economic
disruption [19,20]. Notably, analyses of maritime incidents consistently
show that the majority are attributable to human factors or error
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[44-46,53]. In fact, human error has been identified as a contributing
factor in more than 85% of maritime accidents [5,7,18,27]. From a
reliability perspective, these statistics highlight that accident causation
in shipping is not solely a function of mechanical or technical failure, but
is strongly influenced by latent human-system interactions, particularly
how crew members exchange information, coordinate actions, and
respond under time pressure [15,72,73]. This interplay between tech-
nical reliability and human reliability represents a critical point of
vulnerability in socio-technical maritime systems [41,54].
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Effective communication is fundamental to safe vessel operations,
yet it is often hampered by the language and cultural diversity inherent
in the modern shipping industry [26,29,53,73]. Shipping is a highly
international enterprise; crews on board today’s merchant ships are
typically multicultural and multilingual, with seafarers frequently
coming from a dozen or more different national backgrounds [53,73].
Approximately 70-80% of the world’s merchant fleet is manned by
multicultural crews [54]. This means that English (the de facto lingua
franca in shipping) is rarely the mother tongue for most crew. In fact,
about 80% of seafarers do not speak English as their first language [63].
Communication at sea thus often occurs between individuals who have
varying levels of English proficiency and differing interpretations of
words or phrases. Unsurprisingly, communication breakdowns in such
settings are a well-recognized threat to safety. Industry reports indicate
that communication deficiencies are implicated in up to 30-35% of ship
accidents [62]. Indeed, the U.K. Maritime and Coastguard Agency has
listed communication failure as one of the “Deadly Dozen” human fac-
tors that most frequently precipitate accidents at sea [62]. From a sys-
tem safety standpoint, these breakdowns can be understood as failures in
safety-critical information transfer within the socio-technical network of
a ship, where degraded communication channels increase the proba-
bility of operational errors propagating into hazardous states. These
statistics and assessments highlight why this study is needed: in reli-
ability terms, language and cultural diversity constitute variability fac-
tors that influence human reliability parameters, and their impact on
error likelihood within maritime operations remains poorly quantified.

Maritime accident case studies poignantly illustrate the link between
language barriers and safety failures. A frequently cited example is the
tragic Scandinavian Star ferry disaster of 1990, in which 161 people lost
their lives to a fire. Investigators found that the multinational crew’s
inability to communicate in a common language severely hampered
emergency response and passenger evacuation [63]. Simply put, crew
members and passengers could not understand each other well enough
during the crisis. Another stark example occurred on the bridge of the
container ship Cosco Busan in 2007. The Cosco Busan allided with the
San Francisco Bay Bridge, causing a major oil spill, and one of the root
causes was a lack of effective communication between the American
pilot and the vessel’s Chinese master [54]. The pilot gave critical in-
structions and information in English that were misunderstood or not
fully grasped by the captain, reflecting a dangerous language and cul-
tural disconnect. From a human reliability analysis perspective, these
incidents represent classic cases where communication failures eroded
shared situational awareness, reduced decision quality, and compro-
mised response effectiveness, demonstrating the cascading effect of
human performance variability on overall system safety [41]. Such ex-
amples also underscore the systemic nature of the problem: miscom-
munication is rarely an isolated lapse, but rather the manifestation of a
latent system-level vulnerability embedded in multicultural operational
contexts.

The shipping industry has long recognized the importance of a
common working language to mitigate such risks. Since 1988, the In-
ternational Maritime Organization (IMO) has mandated English as the
official language of the sea, adopting standardized protocols like Sea-
speak and the Standard Marine Communication Phrases (SMCP) to
facilitate clear communication [63]. These standardized phrases and
vocabulary were specifically developed by linguistic and maritime ex-
perts to reduce ambiguity and misunderstanding in radio or face-to-face
exchanges [14,39]. However, the existence of a “common language”
framework does not automatically resolve the issue; its effectiveness
depends on crew members’ language proficiency and their willingness
to actually use the standard protocols. Many maritime accidents still cite
language issues despite the IMO standards [59,73]. For instance, an
investigation into a collision between the bulk carrier Huayang
Endeavour and the tanker Seafrontier in 2017 found that the officers on
the two vessels attempted to communicate by Very High Frequency
(VHF) radio, but their dialogue was imprecise and non-standard, leading

Reliability Engineering and System Safety 273 (2026) 112358

to confusion. The post-accident report concluded that had the officers
adhered to SMCP, using simple, standardized English phrases for
bridge-to-bridge communication, the risk of misunderstanding would
have been significantly reduced [63]. From a system reliability
perspective, this illustrates that the presence of formal communication
protocols represents only a potential safety barrier; the reliability of that
barrier is contingent on correct and consistent human execution, which
is susceptible to degradation under diverse crew compositions. Thus,
even with English as a common language, miscommunication persists
due to inconsistent language skills and non-use of prescribed commu-
nication protocols [13,15]. This gap in the literature, quantitatively
linking language proficiency and cultural variability to human error
probability in maritime operations, remains largely unexplored and
represents the core motivation for the present study [4,26,29].

Complementing the language issue is the often subtler challenge of
cultural diversity on ships. Culture shapes how people communicate,
interpret others’ behavior, follow rules, and approach authority, all of
which can impact safety. Modern ship crews embody a mix of national
cultures, each with its own norms and values. Research has shown that
national culture can significantly influence individuals’ safety attitudes
and behaviors [55]. For example, power distance, the extent to which
hierarchy is respected and subordinates are hesitant to challenge supe-
riors, varies widely across cultures (as described by Hofstede’s cultural
dimensions theory) [30,31,55]. In a high power-distance culture, a ju-
nior officer might be reluctant to question a captain’s decision even if
they perceive a mistake, whereas someone from a low power-distance
background might be more forthcoming with a warning. From a
human reliability standpoint, high power-distance environments reduce
the likelihood of error detection and correction, allowing unsafe de-
cisions to propagate unchallenged through the system. This dynamic has
clear implications for preventing errors: if crew members do not speak
up about concerns or doubts, emerging problems can go uncorrected
until an accident occurs [30,32]. In line with this, a study by Lu et al
examining seafarers in container shipping found that ships with crews
from cultures characterized by lower power distance and more collec-
tivist, uncertainty-avoiding values experienced fewer
human-error-related incidents [55]. In essence, certain cultural traits
(such as an egalitarian team approach and a strong emphasis on pro-
cedural caution) were associated with safer performance, while large
gaps in hierarchy or more individualistic attitudes could elevate the risk
of miscommunication or rule violations. In reliability terms, this can be
interpreted as cultural variability altering the probability distribution of
human performance outcomes. These findings reinforce the intuition
that a mismatch of cultural expectations among crew can be a latent
hazard. Cultural differences may also lead to misinterpretation of
non-verbal cues and behaviors, failures in shared situational awareness
mechanisms, or even body language or gestures can be misunderstood
across cultures [63], or to the formation of stereotypes that impede
teamwork. Overall, when seafarers do not share common cultural
ground on matters like safety protocols or communication etiquette, it
can create confusion and conflict on the bridge or on deck, adversely
affecting coordination and decision-making, thereby lowering the
overall reliability of shipboard operations.

Multiple maritime safety investigations and studies have indeed
pointed to cultural factors as contributors to accidents [11,39,40]. For
example, one report noted that poor command of English, wrong ster-
eotyping of other nationalities, different understandings of safety prac-
tices, and diverging attitudes toward risk were observed factors in
several marine accidents [64]. Such observations illustrate that lan-
guage and culture intertwine in shaping safety outcomes: language
proficiency is part of one’s cultural background and training, and cul-
tural attitudes influence how communication is carried out (or not
carried out) in crucial moments [21,36]. Despite these recognized reli-
ability hazards, maritime safety management systems have historically
been biased toward engineering reliability, with less emphasis on
human reliability and cross-cultural interaction risk modeling.
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Cross-cultural communication skills have lagged behind in maritime
education and training, which traditionally focused on hard skills like
navigation, engineering, and compliance with regulations [59,73]. As
noted by World Maritime University experts, the development of
cross-cultural competency remains largely absent from standard
seafarer training curricula, even though shipping is a highly globalized,
multicultural field [64]. Similarly, a survey by the University of Rijeka
found that shipping companies and academies need to broaden their
focus beyond technical qualifications to include soft skills such as
effective communication and intercultural understanding [64]. In reli-
ability engineering terms, such training would function as a preventive
barrier, reducing the probability of communication-induced human er-
rors and increasing the resilience of shipboard operations. The literature
suggests that addressing this gap is not just a matter of crew comfort or
harmony, but a direct factor in operational safety. Poor interpersonal
understanding on board can erode trust and efficiency, whereas
culturally aware crews with good communication practices are better
equipped to handle emergencies and complex operations, thereby
increasing the probability of correct and timely safety-critical actions.

From a reliability and system-safety standpoint, current maritime
human reliability analysis (HRA) and probabilistic modeling have
advanced along several lines: BN for accident causation and severity,
dependence modeling among performance-shaping factors (PSFs) [52],
and dynamic risk propagation, yet they rarely operationalize language
and cultural diversity as quantifiable reliability modifiers [23,28,48].
BN-based maritime models successfully integrate human/-
ship/environment nodes to explain accident severity and risk evolution,
while broader reliability and system safety work has refined HRA with
CREAM-style PSFs, mission-context dependence, and information-flow
causation to capture how human error propagates in socio-technical
systems [1-3]. However, the specific pathways by which multilingual
crews and cross-cultural hierarchies degrade communication reliability,
and hence increase incident likelihood/severity, remain largely
unmodeled, typically treated qualitatively or folded into generic
“human factor” placeholders. This leaves a measurable gap:
diversity-driven communication reliability has not been parameterized
and sensitivity-tested with real accident evidence within BN-HRA
frameworks, despite decades of calls in relevant literature platforms to
model latent organizational/human conditions with probabilistic rigor
[2,6,38].

Our contribution is to close that gap by introducing language and
cultural diversity as explicit latent variables in a BN-HRA tailored to
shipboard communication reliability, estimated from a large set of real
investigations. Concretely, we integrate crew language diversity
(Shannon index), cultural profile variability (Hofstede-based proxies),
proficiency, and protocol adherence (SMCP) as parent nodes of
communication-failure mechanisms, with downstream links to incident
likelihood and consequence severity. Parameters are learned via data-
driven BN techniques (with EM), and influence/importance indices
quantify which levers, proficiency uplift, cross-cultural familiarization,
and standardized phraseology deliver the greatest reliability gains. In
doing so, the model operationalizes what prior reliability studies sug-
gested conceptually, turning qualitative “human factors” into measur-
able reliability inputs, and complements existing maritime BN work on
severity/cause by exposing the causal bridge from diversity —
communication reliability — accident outcomes [47,56,70]. This posi-
tions diversity as an engineerable performance shaping factor (PSF) with
testable interventions rather than a descriptive backdrop.

Also, this study aligns with emerging reliability engineering di-
rections on dynamic risk and system resilience by showing how
diversity-driven communication reliability integrates with risk propa-
gation, system resilience, and decision support [22,71]. Our BN outputs
(posterior failure probabilities, sensitivity rankings) can feed dynamic
BN or scenario-propagation layers to capture time-varying exposure (e.
g., watch rotations, weather shifts), and interface with resilience models
(e.g., port/route disruption) to prioritize training and manning policies
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with the highest marginal reliability return [50]. Methodologically, the
current study echoes reliability and system safety advances in risk
propagation and dependence handling, but adds a new class of PSFs,
language/culture, with calibrated parameters and policy-ready levers.
This extends maritime risk models beyond generic “human error” to
quantified, intervention-oriented human reliability inputs that are
transferable to other safety-critical domains employing multinational
teams. This study rigorously examines the impact of language and cul-
tural diversity on miscommunication and maritime safety, specifically
analyzing whether vessels with more heterogeneous crews face higher
rates of communication-related incidents. Motivated by persistent ac-
cident investigation findings, this research moves beyond anecdotal
accounts toward a quantitative reliability assessment, applying a BN
approach to capture how diversity-related variables influence the
probability of safety-critical communication failures and subsequent
incident likelihood.

In relation to existing maritime BN and human reliability studies,
this work is original in three respects. First, it models language and
cultural diversity as explicit, quantifiable performance-shaping factors
(language diversity index, Hofstede-based cultural diversity, language
proficiency, SMCP use, cultural familiarization, conflict type), rather
than treating them as generic “human error” or “organizational” nodes.
Second, these variables are parameterized from coded accident inves-
tigation reports, so that the full chain from crew composition —
communication failures — conflicts — incident type, damage, casualties,
and severity is empirically derived rather than assumed. Third, beyond
standard BN prediction, the model applies mutual-information-base-
d-based influence analysis, global sensitivity analysis, and multi-
evidence scenario analysis to show how the importance of crew char-
acteristics varies across conflict types and accident patterns, and to
identify which interventions (e.g., proficiency uplift, SMCP enforce-
ment, composition of multicultural crews) offer the greatest marginal
reduction in communication-driven risk.

The significance of the study is threefold. First, it provides a quan-
titative, evidence-based foundation for understanding how language
and cultural diversity affect maritime system safety, moving beyond
anecdotal case descriptions and enabling concrete policy choices such as
setting minimum language proficiency thresholds or designing crew-mix
policies. Second, the use of BN modeling clarifies not just that diversity
matters, but how it matters, by tracing the different communication- and
conflict-mediated pathways through which language and cultural di-
versity influence incident outcomes (e.g., via communication error type,
conflict type, and communication mode). This enhances theoretical
understanding of causality and reliability in maritime human factors by
making explicit the mechanisms through which diversity affects human
error probability. Third, the findings have direct safety-management
value: shipping companies, regulators, and training institutions can
use the model outputs (influence rankings, sensitivities, scenarios) to
prioritize language training, SMCP compliance, and cross-cultural team
interventions, and the same modelling approach can be transferred to
other safety-critical domains that rely on multinational teams [64]. In
this way, the study helps bridge the gap between qualitative
human-factors insights and quantitative reliability and risk-based deci-
sion support.

The rest of the study is arranged such that Section 2 encompasses the
detailed methodology, Section 3 covers the detailed results and analysis,
Section 4 provides a discussion, and Section 5 concludes the findings of
the study.

2. Methodology

In terms of how the study is carried out, we employ a BN modeling
approach to analyze data collected on maritime miscommunications and
incidents. A BN is a probabilistic graphical model well-suited to repre-
senting complex cause-and-effect relationships under uncertainty, in
this case, the interplay between language/cultural factors,
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communication failures, and accident occurrence [68]. BN models have
recently been applied in maritime safety research to incorporate human
factors into accident analysis and have proven effective in identifying
critical risk contributors from historical data [23]. In our analysis, we
quantify language diversity on board using the Shannon entropy index
(also known as Shannon’s H), which captures both the number of
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different languages present in a crew and the relative prevalence of
each. This provides an objective measure of how linguistically hetero-
geneous a crew is; a higher Shannon H indicates a greater diversity of
languages among crew members. Likewise, we quantify cultural di-
versity using indices derived from Hofstede’s national culture di-
mensions. Each crew’s cultural composition (based on the national
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cultures of its members) is mapped to an index that reflects diversity in
key cultural traits (such as power distance, individualism vs. collec-
tivism, uncertainty avoidance, etc.). By inputting these quantitative
diversity measures into the BN alongside variables representing
miscommunication frequency and safety incident rates, we can learn the
probabilistic relationships from the data. The Conditional Probability
Tables (CPT) in the network, essentially, the model’s parameters, were
learned from the structured dataset using expectation-maximization
algorithms in the GeNIle BN software, ensuring that no prior bias
skews the influence estimates. This data-driven learning process lets the
model infer how strongly language and cultural diversity affect the
likelihood of miscommunications, and in turn, how those communica-
tion failures influence accident risk.

This study systematically analyzes the influence of language and
cultural diversity on miscommunications and maritime safety using a BN
framework informed by a dataset of 550 maritime accident cases. The
methodological process is outlined in four main steps: (1) data acqui-
sition and structuring, (2) calculation of diversity indices, (3) BN model
development, and (4) CPT quantification using EM. A data processing
and analysis flowchart of the employed methodology has been depicted
in Fig. 1.

2.1. Data acquisition and structuring

A total of 550 maritime accident cases (collision and contact events)
were compiled from reliable sources, including global maritime safety
databases such as EMSA (https://www.emsa.europa.eu/), MAIB
(https://www.gov.uk/government/organisations/marine-accident-i
nvestigation-branch), IMO GISIS (https://gisis.imo.org/), and selected
shipping company safety reports (COSCO Shipping). Each accident
report included narrative incident descriptions, vessel particulars, and
details on crew composition.

This study applies an existing GPT-based NLP framework, employed
in our earlier work [53], to systematically convert narrative maritime
accident investigation reports into a structured, analyzable dataset for
probabilistic safety modeling. No new language model was developed
for this research. Instead, an existing GPT-based tool was employed in a
controlled extraction pipeline, leveraging its ability to perform contex-
tual keyword recognition, text classification, and structured variable
mapping from unstructured technical narratives. The objective was to
identify and encode human factor indicators, particularly those relevant
to communication reliability, such as language diversity, cultural diversity,
nationality diversity, vessel type, vessel size, training, and SMCP use. These
variables were selected through literature review, domain expertise, and
alignment with recognized human reliability taxonomies. Detailed def-
initions for each variable were established prior to extraction to ensure
repeatability and reduce subjectivity in coding.

2.1.1. Text pre-processing

The accident reports underwent a structured pre-processing
sequence before feature extraction:

Standardization: All text was converted to lowercase, and format-
ting inconsistencies were corrected to ensure a consistent corpus.

Noise Removal: Non-informative characters, symbols, and format-
ting artifacts not contributing to causation analysis were removed.

Tokenization: Narratives were segmented into tokens and filtered to
include only terms relevant to the identified variables.

Morphological Normalization: Stemming and lemmatization were
applied to unify word variants without losing domain meaning.

Stop-word Filtering: A maritime-domain-specific stop-word list,
refined over iterative trials, was applied to remove high-frequency, low-
value words while preserving technical and causal terms.

2.1.2. Feature representation
The cleaned corpus was transformed into numerical vectors to sup-
port reliable and repeatable variable coding:
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e Bag-of-Words (BOW): Constructed term-frequency matrices to
capture prevalence of vocabulary relevant to the predefined nodes
(e.g., vessel category terms for Vessel Type, incident descriptors for
Incident Type, phrasing indicative of Communication Error Type
states) [60].

o TF-IDF Weighting: Applied TF-IDF to attenuate high-frequency,

low-discrimination terms and magnify less frequent but salient ex-

pressions aligned with the variables/states [60] in Table 1.

GPT-assisted Contextual Mapping: Existing GPT tools were used

only to assist with context disambiguation (e.g., differentiating

Misinterpretation vs Miscommunication for Communication Error

Type; identifying Primary Communication Mode as Verbal/Radio,

Written, or Digital/Electronic from surrounding narrative context;

distinguishing Cultural Conflict Type among Hierarchy Issues, Risk

Perception, Teamwork Issues, Behavioral Misinterpretation). The tools

returned suggested mappings, which were then applied systemati-

cally under the predefined schema.

2.1.3. Scenario classification and causation tagging

Each report was classified according to Incident Type (Collision,
Grounding, Near-miss, Equipment Failure) and Incident Severity (Minor,
Moderate, Severe, Catastrophic) using explicit labels or investigator

Table 1

Description of the Nodes and their states considered for the BN model.
Node Name Description States/Levels
Vessel Type Type of vessel involvedin ~ Bulk Carrier, Container Ship,

the incident Tanker, General Cargo

Size category based on Small, Medium, Large, Very
gross tonnage Large

Diversity of nationalities Low (1-5), Moderate (6-10),
among crew (number of High (11-15)

nationalities)

Average English
proficiency level onboard

Vessel Size

Crew Nationality
Diversity

Crew Language
Proficiency
(English)

Crew Language
Diversity Index

High, Intermediate, Low

Shannon index for
language diversity
(binned for BN)
Hofstede’s cultural
diversity index (binned
for BN)

Low, Moderate, High

Crew Cultural
Diversity Index

Low, Moderate, High

Primary Main communication Verbal/Radio, Written,

Communication channel at time of Digital/Electronic

Mode incident

Communication Type of communication Misinterpretation,

Error Type error leading to incident Miscommunication, Non-
communication, Delayed
communication

Standard Maritime Whether Standard Yes, No

English Use Marine Communication
Phrases (SMCP) used
Formality of crew’s

English language training

English Language
Training Level

Certified, Informal, None

Cultural Whether cultural Yes, No
Misunderstanding misunderstanding
Event contributed

Cultural Conflict Nature of cultural
Type conflict involved

Hierarchy Issues, Risk
Perception, Teamwork Issues,
Behavioral Misinterpretation
Cultural Sensitivity Yes, No
Training Provided

Crew Cultural

Was crew given cultural
sensitivity training?

Crew’s familiarity with High, Medium, Low

Familiarization onboard cultures
Level
Incident Type Type of maritime Collision, Grounding, Near-
incident/accident miss, Equipment Failure
Incident Severity Assessed severity of the Minor, Moderate, Severe,
incident Catastrophic
Number of Injuries/ Number of persons 0,1,2,3,4,5

Fatalities injured or killed
Extent of Vessel Physical damage to the None, Minor Repairs, Major
Damage vessel Repairs, Total Loss
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descriptions. Outcome variables, including Number of Injuries/Fatal-
ities (0-5) and Extent of Vessel Damage (None, Minor Repairs, Major
Repairs, Total Loss) were coded directly from the textual evidence. Where
multiple descriptors appeared, the most conservative (highest-severity)
state consistent with the report was used.

2.1.4. Variable state and scenario encoding

For each accident report, all variables were coded strictly according
to the predefined states. Vessel Type was classified as Bulk Carrier,
Container Ship, Tanker, or General Cargo, while Vessel Size was assigned
to Small, Medium, Large, or Very Large based on gross tonnage. Crew
diversity measures, Crew Nationality Diversity, Crew Language Di-
versity Index (Shannon), and Crew Cultural Diversity Index (Hofstede),
were binned into Low, Moderate, or High using pre-established thresh-
olds. Language-related variables, including Crew Language Proficiency
(English), Primary Communication Mode, Communication Error Type,
Standard Maritime English Use, and English Language Training Level,
were encoded directly from textual and documentary evidence. Cultural
attributes such as Cultural Misunderstanding Event, Cultural Conflict
Type, Cultural Sensitivity Training Provided, and Crew Cultural Famil-
iarization Level were mapped to the relevant discrete states identified in
Table 1. Incident descriptors, including Incident Type, Incident Severity,
Number of Injuries/Fatalities, and Extent of Vessel Damage, were
extracted from report narratives, applying a conservative coding rule
where multiple severity indicators were present.

This enabled the integration of these variables into a BN model,
capturing conditional dependencies relevant to communication
reliability.

2.1.5. Dataset assembly for BN analysis

As all coded variables were complete, the dataset was compiled in
tabular form (CSV), with each row representing an incident and each
column corresponding to a BN node. The structured dataset was im-
ported into GeNle, where CPTs were generated using the EM algorithm,
ensuring robust parameter estimation while maintaining the de-
pendency relationships defined by the model structure.

This process produced a probabilistically compatible dataset,
enabling the explicit modeling of language and cultural diversity as
performance-shaping factors within the BN framework. The methodol-
ogy mirrors our prior validated approach, ensuring methodological
consistency while tailoring variable definitions and coding to the spe-
cific focus of this study.

Given that collision events inherently involve two ships, we focused
on the vessel identified as "at fault" (i.e., causative vessel) in each ac-
cident. This approach aligns with practical accident analysis, as causal
attribution and crew/cultural factors of the responsible vessel are more
relevant to the risk modeling of miscommunication-induced accidents.
Including both ships per incident would lead to non-independence and
overrepresentation of accident features, especially as vessel size, type,
and crew composition are tied to root-cause attribution.

2.2. Calculation of diversity indices
For each ship, two primary diversity indices were calculated:
(a) Shannon Language Diversity Index

The Shannon entropy (H) for onboard languages is calculated as:

N
H= — ) pilog; @}
i=1

Where p; is the proportion of the crew speaking the ith language, and
N is the total number of languages present among the crew. This index
captures both the richness and evenness of language distribution and is
widely used in maritime diversity research [30-32].
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(b) Hofstede’s Cultural Diversity Index

Cultural diversity was quantified using a composite Hofstede dis-
tance:

2 n—1 n
CDI = —— D; 2)
nn—1) ; j; v

Where Dj is the Euclidean distance between crew members’ coun-
tries on Hofstede’s six cultural dimensions (power distance, individu-
alism, masculinity, uncertainty avoidance, long-term orientation,
indulgence), and n is the number of nationalities onboard. Country
scores are obtained from Hofstede Insights (https://www.thecultur
efactor.com/country-comparison-tool).

After computing raw values, both indices were discretized into
ordinal states (e.g., low, moderate, high, very high) to serve as input
states in the BN model, based on established thresholds in maritime
safety research.

2.3. BN model development

The BN model structure was developed by integrating data-driven
analysis (model learning offered by GeNle software) with structured
expert judgment, as described in previous maritime BN studies [46,53,
73,74]. However, it is noteworthy to mention that the final causal
relationship and model structure were established and finalized by a
panel of ten experts, the details of which have been provided in section
3.1. Nodes in the BN corresponded to all key factors: vessel character-
istics, diversity indices, communication-related factors, and accident
outcomes. The directed acyclic graph (DAG) was finalized by consensus,
with edges reflecting hypothesized and empirically supported causal
dependencies.

2.4. CPT quantification

Where sufficient case data existed, node CPTs were quantified
directly from frequencies in the structured dataset. For nodes with high-
dimensional parent sets or incomplete data, parameter estimation was
conducted using the EM algorithm in GeNlIe software [8].

(a) EM Algorithm in BN Parameter Estimation

To estimate the CPTs of the BN from incomplete or uncertain data,
we employed the EM algorithm, as implemented in the GeNlIe software.
EM proceeds iteratively via:

E-step: For each parameter configuration, compute the expected
counts of each variable and parent configuration using the current
parameter estimates:

N
Nj = > P(X;=k, Pu=jlx", 6) (3)
n=1

Where x(™ denotes the observed (possibly incomplete) data for case
n.
M-step: Update the parameter estimates by normalizing the ex-
pected counts:
o = Mo @)
22 Nig

X;: The ith variable (node) in the BN.

k: The possible state/index of the variable X;. For example, if X; is
“Incident Severity” with 3 states (Low, Moderate, High), then k €
{1,2,3}.

P,;i: The parent nodes of X;.

j: The specific configuration/state combination of the parents P;. If
there are two parents with two states each, j runs over their combina-
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tions.

Niji: The expected (posterior) count of cases where variableX; is in
state k, and its parents P; are in configuration j, summed over all N data
cases, taking into account missing data (hence “expected”). The "hat" (")
denotes that it is an estimated or expected count, not an observed (raw)
count.

N: The total number of data cases (examples/accidents/rows) in your
dataset.

n: The index of each data case.

x™: The observed values for all variables in the n™ data case (the
“evidence” for that row).

09: The current estimate of the BN parameters (CPTs) at iteration t of
the EM algorithm.

P(X; =k, Pgi=jlx™, g¥)): The probability, given the data in row n
and the current parameter estimates, that X; is in state k and its parents
in configuration j.

0&*1): The updated CPT entry: the probability that X; = k given Py; =
j, for the next EM iteration.

k': An index over all possible states of X; (used in the denominator to
ensure the probabilities sum to 1).

This yields the maximum-likelihood estimates for the CPTs given the
(expected) sufficient statistics. These steps are repeated until
convergence.

(b) BN Joint Probability Representation

The BN framework models the joint probability distribution of all
variables as a product of local conditional probabilities:

P(X1, Xz, Xo) = | [P(XilPa(Xy) )
i=1

where P,(X;) denotes the set of parent nodes for variable X;. This
structure enables efficient probabilistic inference and scenario analysis.
When new evidence (such as the observation of a specific communica-
tion error) becomes available, the BN updates the posterior beliefs of all
connected variables using Bayes’ theorem:

P(E|H)P(H)

P(HIE) = =5

(6)

where H is a hypothesis (e.g., the presence of a high-severity incident),
and E is the observed evidence.

3. Results
3.1. Model development

Effective communication and cultural understanding are funda-
mental to safe and reliable maritime operations, yet accidents and near-
misses continue to occur due to persistent language barriers, cultural
conflicts, and diverse crew backgrounds. As the global shipping industry
becomes increasingly multicultural, the complexity of onboard in-
teractions and their influence on safety-critical decisions has grown.
However, quantifying the precise pathways through which language and
cultural diversity contribute to incident causation remains a major
challenge for risk analysts and safety regulators. In this study, we
employ a BN approach to systematically model and evaluate the influ-
ence of linguistic and cultural variables on maritime safety outcomes,
using structured data from 550 real-world accident cases. Table 1 pro-
vides an overview of the key variables (nodes) incorporated in our
network, capturing technical, linguistic, cultural, and incident-specific
dimensions relevant to accident causation. These variables were final-
ized by experts, and also, once the GeNle software produced a data-
centered causal model, it was presented to a panel of experts, who
presented their recommendations, and the model's causal relationship
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was changed accordingly. Once all the experts agreed in the structured
workshops on the causal relationships among variables, the model was
finalized for analysis. The details of the experts who participated in the
finalization of variables and model network structure have been pro-
vided in Table 2.

Besides that, the Hofstede cultural diversity index has been divided
into three states as indicated in Table 1, and these states are determined
based on the obtained numeric scores with ranges such that scores below
55 were classified as low. Those between 55 and 65 were classified as
moderate, and scores above 65 were classified as high cultural diversity.
For the ship repair levels classification, the detailed breakdown and
followed protocols are provided in Table 3. While for the language di-
versity classification based on values achieved from the Shannon H’
index calculations, the used classes and their division levels are given in
Table 4.

3.2. Model validation

To ensure the robustness and credibility of our BN model, we
employed ten-fold cross-validation, a standard technique for evaluating
predictive models in complex, multivariate domains [57,69]. Our
dataset was first randomly shuffled to remove any ordering effects, then
partitioned into ten equal parts. For each fold, nine segments served as
the training set and one as the testing set, cycling through all combi-
nations. This process reduces variance and yields a reliable assessment
of model performance [37]. Model predictive ability was further
assessed using Receiver Operating Characteristic (ROC) curves and the
corresponding Area Under the Curve (AUC) metric, as recommended for
categorical outcome evaluation [9]. AUC values closer to 1.0 indicate
stronger predictive accuracy. In our case, the “Accident Risk” node
produced AUC scores well above 0.5, reflecting strong discrimination
and reliable model output. Full ROC plots and AUC values for all

Table 2
A description of the roles and profiles of the experts participating in model
development.

Designation Qualification Experience / Professional
Background
Ship Captain Master’s Over 20 years of international
Degree navigation and leadership of
multicultural crews
Chief Engineer Master’s 18+ years of shipboard engineering
Degree operations, safety management, and
crew coordination
Vessel Traffic Officer Master’s 20+ years in vessel monitoring,
Degree navigation assistance, communication
management, and compliance
Senior Safety Engineer ~ Master’s Over 20 years of professional practice in
Degree maritime safety engineering, accident
prevention, and risk management
Professor of Maritime PhD 15+ years of academic research in
Safety maritime accident causation, human
reliability, and safety management
systems
Professor of PhD 12+ years of research in
Linguistics communication, SMCP, and English for
specific purposes in maritime
operations
Professor of Human PhD 10+ years of academic research on
Factors (in Safety) human performance, risk perception,
and maritime safety
Technical Master’s 15 years managing multinational crews,
Superintendent Degree vessel operations, and compliance
auditing in commercial shipping
Maritime Accident Master’s 15+ years in accident investigation
Investigator Degree with emphasis on regulatory and
industry investigation contexts
Maritime Safety & PhD 12+ years of applied expertise in
Risk Analyst probabilistic risk assessment and safety-

critical system analysis, with direct
engagement in industry safety projects
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Table 3
Ship repair level classifications.
Category Repair Cost as % of Description
Vessel Value
None 0% No damage or so minor it doesn’t require
repair.
Minor >0% — <5% Cosmetic/superficial damage; does not
Repairs impact vessel operation.
Major >5% — <75% Structural or significant system damage;
Repairs repair is economically feasible; vessel is not
a total loss.
Total Loss >75% (varies by Repair cost equals or exceeds the insured
(CTL) insurer, 75-80% value; the vessel is declared a constructive
typical) total loss (CTL).
Table 4

Language diversity classification based on Shannon's H index.

Shannon Diversity Maritime Industry Justification

Index (H") Category

0.00 - 0.60 Low Usually homogeneous crews (Crews with shared
working language, little multilingual
interaction).

0.61 - 1.00 Moderate Crews with different languages; for example,
some officers speak one language, the crew
speaks another, but still manageable; a frequent
scenario in bulk carriers and container shipping.

1.01-1.30 High Crews of diverse linguistic groups; typically

mixed crews where shipping companies source
seafarers globally (e.g., mixed Asian, Eastern
European, and African crews).

relevant states are included in Fig. 2. These results confirm the validity
of our model for analyzing the impact of language and cultural diversity
on maritime safety outcomes.

In addition to ROC and AUC, we incorporated classification-based
diagnostics for the Incident Type node. The confusion matrix in Table 5
compares predicted versus observed incident types (collision,
grounding, equipment failure, near miss), yielding an overall accuracy
of 62.5% (344 correctly classified out of 550 cases). Class-wise precision
ranges from 50.0% (equipment failure) to 80.9% (near miss), with re-
calls between 40.9% and 79.1% and F1-scores from 45.0% to 80.0%
(Table 6). Collision and near-miss incidents, which are both frequent
and operationally critical, obtain Fl-scores of 69.5% and 80.0%,
respectively, indicating good discrimination between high-energy ge-
ometry-driven events and less severe near misses. For grounding and
equipment failure, performance is lower, but still informative, which is
consistent with their smaller sample sizes and partially overlapping
causal patterns. Taken together with the ROC/AUC results, these metrics
indicate that the BN captures the dominant structure of the data while
leaving scope for further refinement as larger and more balanced data-
sets become available.

Following prior BN applications to workplace safety behavior, which
use mutual information and belief updating to rank influential factors
and compare intervention strategies [58], we compute
strength-of-influence indices, perform sensitivity analysis, and perform
scenario-based diagnostic and predictive analyses for key human-factor
nodes.

3.3. Model prediction analysis

After validating the model, the next step is to run the prediction
analysis and determine the impact of each node under consideration on
the safety and outcomes. In this scenario, evaluating the communication
error, the highest probability was exhibited by the states “Miscommu-
nication” and “Misinterpretation”, which had probabilities of 43% and
25% respectively, as depicted in Fig. 3. Among the upstream precursors,
cultural diversity and language diversity exerted significant influence.
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Specifically, crews characterized by low cultural diversity showed
higher accident involvement (55%). This counterintuitive finding can be
explained by the absence of cross-checking behaviors in homogeneous
crews, where assumed shared understanding leads to complacency and
unchecked propagation of errors. In contrast, heterogeneous crews,
although prone to miscommunication, may trigger more clarifications
and corrective dialogue, which acts as a form of error detection. From a
reliability standpoint, this dynamic resembles redundancy in safety
systems, where diversity provides an additional defensive layer against
common-mode failures. Similarly, high language diversity reached 48%,
underscoring the criticality of heterogeneous communication environ-
ments. The role of Cultural Familiarization remained noticeable, with
state “Medium” having the highest probability of 38%, reflecting the
dominance of average familiarity onboard ships in shaping communi-
cation dynamics. From a reliability perspective, these results demon-
strate that communication failures exhibit the characteristics of
“frequent, low-consequence” initiating events that align with Reason’s
Swiss Cheese model [61]. Miscommunication and misinterpretation,
while often non-catastrophic individually, become recurrent latent
conditions that align and propagate through the system to trigger more
severe outcomes. This framing is consistent with safety-critical in-
dustries such as aviation, where language errors rarely cause accidents
in isolation but act as error-producing conditions that compromise sys-
tem defenses [66].

Moving further into the analysis, the highest role in the accident
causation was of verbal communication, which achieved a probability of
47%. The most prominent conflict types were the Teamwork Issues and
the Hierarchy Levels, which caused the accidents. Moreover, the highest
involvement was found to be of Container vessels, which had a proba-
bility of 42%, and the most prevalent type of accident as a result of
communication issues was collision, followed by grounding with prob-
abilities of 41% and 24%, respectively. Major repairs were the highest
occurring consequences with a probability of 40%, while life losses were
less frequent. This aligns with the incident severity distribution, where
minor and moderate outcomes dominated (34% and 30%). The finding
that verbal communication remains the most failure-prone mode is
particularly important. In reliability terms, this mode constitutes a
“single point of failure” in socio-technical systems, as its breakdown
directly increases the likelihood of conflict and operational error. The
persistence of hierarchy-driven conflicts reflects systemic “latent fail-
ures” embedded within organizational culture, similar to those observed
in offshore oil and nuclear operations where rigid authority gradients
impair safety-critical decision-making [24]. Thus, these quantitative
results underline the systemic interaction of human, cultural, and
organizational precursors, not just isolated human error.

The distribution of accident types also provides insight into system-
level dynamics. Collision (41%) and grounding (24%) dominate as
communication-related outcomes, indicating that communication
breakdowns disproportionately influence navigational safety barriers.
This mirrors failure mode propagation observed in other domains (e.g.,
rail signaling or air traffic control), where misinterpretation cascades
rapidly into high-consequence but preventable incidents [49]. Impor-
tantly, the prevalence of repair-related consequences (40%) but rela-
tively lower fatality rates reflects the system’s partial resilience:
technical redundancy and recovery mechanisms often prevent cata-
strophic escalation, but do not eliminate frequent, costly disruptions.
This aligns with reliability theory, where systems may appear “safe” in
terms of fatalities but remain fragile in terms of recurrent operational
losses. Taken together, the prediction analysis highlights that
communication-related failures in shipping follow patterns well estab-
lished in reliability engineering: frequent low-severity disruptions,
rooted in latent organizational and cultural conditions, with occasional
escalation to severe accidents. These findings emphasize the importance
of not only language proficiency and cultural familiarization but also
systemic interventions, such as authority de-biasing, standardized
communication protocols, and organizational learning loops, to
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ROC curve for Incident_Type=Collision (AUC=0.682612)
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a. ROC and AUC for accident type collision

ROC curve for Incident_Type=Grounding (AUC=0.653583)
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ROC curve for Incident_Type=Equipment_Failure (AUC=0.681643)
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c. ROC and AUC for accident type equipment failure
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b. ROC and AUC for accident type grounding
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d. ROC and AUC for the near miss

Fig. 2. Validation of the accident type through ROC and AUC for each state of the node.

Table 5

Confusion Matrix for the node Conflict Type under model validation.
Actual \ Predicted Collision Grounding Equipment _Failure Near_miss
Collision 173 32 17 9
Grounding 56 61 15 3
Equipment _Failure 30 20 38 5
Near_miss 8 5 6 72

strengthen barriers and reduce alignment of latent failures.

From a category perspective, Table 7 reorganizes the prediction re-
sults into three categories, human factors, vessel features, and accident
features, and clarifies how the network distributes baseline risk across
the system before any evidence is entered. A first observation is the
structural dominance of human-factor nodes: language diversity,

nationality diversity, cultural diversity, cultural misunderstanding,
language training, SMCP use, language proficiency, cultural familiar-
ization, communication mode, communication error type, and conflict
type. Together, these nodes define a dense “upper layer” of precursors
that shape the likelihood of downstream accident states. Their priors
show that the model is not calibrated around extreme or idealized
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Table 6

Classification metrics (precision, recall, F1-score) for the incident type node.
Class Precision Recall Fl-score
Collision 64.8% 74.9% 69.5%
Grounding 51.7% 45.2% 48.2%
Equipment_Failure 50.0% 40.9% 45.0%
Near_miss 80.9% 79.1% 80.0%

conditions but around realistically mixed crews: for example, high lan-
guage diversity (~48%), moderate or high language proficiency (~78%
combined), and medium-high cultural familiarization (~72% com-
bined). This configuration represents a system where crews are gener-
ally competent but exposed to persistent variability in language, culture,
and training quality.

Within this human-factor layer, several distributions highlight latent
vulnerabilities. Certified language training and SMCP use are prevalent,
yet miscommunication and misinterpretation still dominate the
communication-error node. Similarly, conflict type is split across
teamwork issues, hierarchy issues, and behavioral misinterpretation,
indicating that no single conflict mechanism dominates; instead, the
network encodes multiple interacting pathways through which human
reliability can degrade. The Table 7, therefore, makes explicit that the
model is not a simple “low proficiency — accidents” representation but a
multidimensional human-factor landscape with several parallel routes
to failure.

The vessel-feature category shows a different pattern. Very large
vessels (~45%) and container ships (x~42%) are structurally over-
represented, reflecting the traffic composition of global liner shipping
and the expert judgement that these platforms concentrate both expo-
sure and consequence. This means that any degradation in the human-
factor layer is more likely to materialize in operating contexts with
tight schedules, high traffic density, and complex port approaches,
conditions typical for large container ships.

Accident-feature nodes translate these human and vessel conditions
into outcomes. The priors for collision, grounding, and equipment fail-
ure, combined with the distribution of damage, injuries, and severity,

(O Nationality Diversity
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show a system that experiences frequent, economically significant
events (notably major repairs at ~40%) but only occasionally escalates
to catastrophic loss. Read together, Table 7 and Fig. 3 therefore convey a
coherent story: a network in which human and cultural factors are
central, vessel and traffic characteristics modulate exposure, and the
accident layer reflects a safety regime that is partially resilient yet
operationally fragile, with recurrent disruptions driven by communi-
cation- and culture-related mechanisms.

3.4. Sensitivity analysis

To further evaluate the explanatory power and practical relevance of
the developed BN, a comprehensive sensitivity analysis was conducted
using GeNle software. This analysis systematically quantifies how
changes in the input nodes influence the probability distribution of a
selected target node, thereby identifying which variables exert the
greatest impact on key safety outcomes. The GeNle platform provides an
intuitive visual output, with higher sensitivity indicated by deeper red
coloration, highlighting those nodes where targeted interventions could
significantly reduce miscommunication risk and augment maritime
safety. Sensitivity analysis functions analogously to importance mea-
sures used in fault tree or probabilistic risk assessment (e.g., Fus-
sell-Vesely or Birnbaum indices) [75]. Quantifying how uncertainty in
one node propagates through the network highlights the “weakest links”
in the socio-technical system, where small improvements in reliability
can yield disproportionate safety benefits [12,76]. In this context,
improving control strategies for sensitive nodes translates into targeted
interventions with the highest leverage for risk reduction.

The sensitivity analysis was conducted in concurrence with the scope
of the study by first setting the Conflict Type as the target node, for
which the results are displayed in Fig. 4. For this scenario, communi-
cation mode and communication error type emerged as the most sen-
sitive factors. Further, language proficiency, language training, vessel
size, vessel type, and Hofstede’s cultural diversity index were also
identified as highly sensitive nodes. These variables act as dominant
failure precursors: their state changes significantly alter the probability
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Fig. 3. Model prediction analysis.
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Table 7
Node categorization and prior (no-evidence) probabilities for the prediction
network in Fig. 3.

Category Node States and prior probabilities (no-
evidence prediction)
Human Language_Diversity Low = 23%; Moderate ~ 29%; High ~
factors 48%
Nationality_Diversity Low =~ 33%; Moderate ~ 36%; High ~
31%
Cultural_Diversity Low = 55%; Moderate ~ 31%; High ~
14%
Cultural_Misunderstanding No ~ 71%; Yes ~ 29%
Language_Training None ~ 19%j; Informal ~ 37%;
Certified ~ 43%
SMCP_Use No =~ 29%; Yes =~ 71%
Language_Proficiency Low ~ 22%; Intermediate ~ 32%; High
~ 46%
Cultural_Familiarization Low = 28%; Medium =~ 38%; High ~
34%
Communication_Mode Verbal ~ 47%; Electronic ~ 22%;
Written ~ 32%
Communication_Error_Type Miscommunication =~ 43%;
Misinterpretation ~ 25%;
Non_communication ~ 23%;
Delayed_communication ~ 9%
Conflict_Type Risk_Perception =~ 17%;
Teamwork_Issues ~ 34%;
Hierarchy _Issues ~ 31%);
Behavioral Misinterpretation ~ 17%
Vessel Vessel_Size Small ~ 13%; Medium ~ 20%; Large ~
features 22%; Very Large ~ 45%
Vessel_Type Container_Ship ~ 42%; Tanker ~ 18%;
Bulk_Carrier ~ 19%; General Cargo ~
21%
Accident Incident_Type Collision ~ 41%; Grounding ~ 24%;
features Equipment/Other failure ~ 17%;

Near_miss ~ 17%

None ~ 20%; Minor_Repair ~ 35%;
Major_Repair ~ 40%; Total_Loss ~ 5%
Zero ~ 30%; One =~ 34%; Two ~ 19%;
Three ~ 10%; Four ~ 4%; Five ~ 3%
Minor =~ 34%; Moderate ~ 30%;
Severe =~ 23%; Catastrophic ~ 12%

Vessel Damage
Injuries_Fatalities

Incident_Severity

distribution of downstream conflict, meaning that interventions at this
stage could act as “preventive barriers” against the escalation of
incidents.

For a further analysis, the top 5 ranking node combinations for each
state of the Conflict Type, based on the tornado charts (provided in
Appendix A), have been provided in Table 8 below, accompanied by an
overview of the trends observed.

The sensitivity rankings for the four conflict types reveal a consistent
picture of conflict as a communication-system outcome rather than a
simple function of diversity alone. Across all states of Conflict Type, the
most influential configurations involve communication error type,
communication mode, and the joint levels of language proficiency and
cultural familiarization. In other words, the BN is telling us that it is not
who is on board in abstract, but how they communicate under specific
skill and familiarity conditions that drive conflict probabilities.

For Risk _Perception, the dominant configurations involve Miscom-
munication at high language proficiency and high cultural familiariza-
tion, and Verbal or Electronic modes with high proficiency and medium
familiarization. This indicates that disagreements about risk are most
sensitive to how capable, relatively integrated crews communicate
hazard information. When risk cues are exchanged verbally or elec-
tronically among high-skill crews, small distortions or omissions in
wording strongly shift the probability of risk-perception conflict. The
presence of non-communication in the top five, again at high proficiency
and medium familiarization, shows that failing to communicate risk at
all in such settings is nearly as consequential as miscommunicating it.

For Teamwork Issues, the top rankings are dominated by

11

Reliability Engineering and System Safety 273 (2026) 112358

configurations that combine medium or high cultural familiarization
and high proficiency with Verbal or Written modes and miscommuni-
cation or misinterpretation. In other words, teamwork tensions peak
when well-qualified, reasonably familiarized crews are coordinating
tasks through structured channels (verbal briefings, written or electronic
instructions) and messages are still unclear or contested. Several of the
highest-impact terms are complete conflict-type bundles where cultural
familiarization, language proficiency, communication mode, and error
type are simultaneously specified, confirming that the model sees
teamwork conflict as arising from packages of conditions rather than
isolated variables.

Hierarchy Issues show a distinct signature. The single most influen-
tial configuration is Written communication with high proficiency and
medium familiarization, followed by several bundles involving inter-
mediate or high proficiency, medium or high familiarization, and Verbal
mode with Miscommunication or Non-communication. This pattern
suggests that hierarchy conflicts are especially sensitive to the formality
of communication: written orders or records, and situations where su-
periors fail to communicate or do so ambiguously, are key triggers when
crews are technically capable but not fully culturally aligned. Verbal
interaction in highly familiarized, proficient crews appears less desta-
bilizing, consistent with the idea that relational repair and negotiation
are easier face-to-face.

Finally, Behavioral Misinterpretation is driven predominantly by
Miscommunication and Misinterpretation across a range of proficiency
and familiarization levels, with one notable cross-effect: a hierarchy-
issue configuration (medium familiarization, high proficiency, written
mode, non-communication) is the single strongest influencer. This in-
dicates that ambiguous or absent written communication in hierarchical
exchanges not only produces explicit hierarchy conflict but also spills
over into misreading of behavior and intent. Verbal mode with low or
intermediate proficiency and high familiarization also features promi-
nently, highlighting that even culturally close teams are vulnerable to
misinterpreting tone and behavior when lexical resources are limited.

Overall, the trends show that the most effective leverage points for
reducing conflict are design choices in communication mode and stan-
dardization, coupled with targeted investments in language proficiency
and intercultural familiarization. Different conflict types exhibit distinct
sensitivity profiles, risk perception to high-skill verbal/electronic ex-
changes, teamwork to written coordination, hierarchy to formal and
non-communication, and behavioral misinterpretation to basic language
and cue-reading errors, implying that interventions must be conflict-
specific rather than generic “communication training.”

The next scenario examined factors influencing cultural familiar-
ization onboard. The results for this scenario are depicted in Fig. 5. Here,
Shannon’s language diversity index and vessel size were identified as the
most critical variables. In addition, nationality diversity, cultural
misunderstanding, and language training showed high impact. These
findings underscore how system-level attributes (e.g., vessel size and
crew mix) cascade into human factor vulnerabilities, shaping the resil-
ience of communication pathways. Just as redundancy or diversity in
engineered systems can either buffer or destabilize reliability depending
on coupling, diversity in crew composition similarly modulates the
effectiveness of cultural familiarization.

The sensitivity analysis for the Cultural Familiarization node shows
that familiarization is governed primarily by the interplay between
background composition (cultural and nationality diversity), the pres-
ence/absence of cultural misunderstandings, and the structure of lan-
guage training, with vessel size emerging as a secondary but non-
negligible driver. For a deeper overview at the state level, the top five
parameters for each of the states of the target node for this sensitivity
analysis have been summarized below in Table 9.

For the Low familiarization state, the single strongest lever is Cul-
tural Diversity = Low. This indicates that simply sailing with crews from
relatively similar cultural backgrounds does not automatically generate
high mutual understanding; in fact, the model sees low cultural diversity
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Fig. 4. Sensitivity analysis for the node Conflict Type.

as a key context in which low familiarization can persist. The remaining
top-ranked configurations for the Low state are all detailed bundles
where cultural diversity is low, cultural misunderstanding is not
explicitly reported, and nationality diversity and training vary between
low or moderate and certified or informal. These patterns suggest that
low familiarization is sustained when crews from broadly similar cul-
tural backgrounds are not systematically exposed to structured cross-
cultural and language training, even if overt misunderstandings are
not recorded. The presence of Vessel Size = Very Large among the
strongest influences for the Low state points to an additional scale effect:
on very large ships, organizational complexity and segmented work
groups may make it easier for subcultures to remain siloed, limiting day-
to-day familiarization despite nominal similarity in background.

For the Medium familiarization state, the top five configurations are
all explicit Medium-familiarization bundles with low cultural diversity,
absence of reported cultural misunderstanding, and a spread of na-
tionality diversity and training regimes (certified and informal). This
confirms that the Medium category behaves as a “pivot” state: small
changes in training emphasis or crew mix within broadly low-diversity
settings can push probability mass up toward High or down toward
Low familiarization. The sensitivity of this state to whether training is
certified versus informal, and to whether nationality diversity is low,
moderate, or high, underlines that training design is a primary control
knob for moving crews out of middling familiarization levels.

For the High familiarization state, the strongest configurations again
involve low cultural diversity and absence of cultural misunderstanding,
but now coupled with high or moderate nationality diversity and both
informal and certified training. This pattern is important: high famil-
iarization is most strongly associated with crews whose cultural distance
is limited in aggregate (low cultural diversity index) but who still
represent several nationalities, and who receive at least some systematic
language training. In such settings, differences are sufficient to make
training and mutual adjustment salient, yet not so large that stable
shared norms cannot emerge. Vessel_size = Very_Large also appears as a
major influence for High familiarization, suggesting that large ships can
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achieve high cross-cultural familiarity when formal training and delib-
erate integration mechanisms are in place, rather than being doomed to
low familiarization by scale alone.

Overall, the dynamics indicate that cultural familiarization is not a
simple monotonic function of diversity. Instead, it is shaped by how
diversity is structured (low cultural distance but varying nationality
mix), whether misunderstandings are actively managed, and how lan-
guage training is deployed. For practice, this means that port-state
control and company safety programs should focus less on reducing
diversity per se and more on designing certified, context-specific lan-
guage and cultural training schemes that convert diverse but culturally
proximate crews into high-familiarization teams, particularly on very
large vessels where the stakes and coordination demands are highest.

The final scenario set language proficiency as the target, as seen in
Fig. 6. Here, language training, vessel size, and vessel type were the most
critical determinants. This indicates that proficiency is not only an in-
dividual attribute but structurally linked to organizational choices in
vessel deployment and crewing strategies. Notably, very large ships and
container vessels showed the greatest sensitivity, confirming that
operational complexity amplifies the need for standardized training. The
use of SMCP was also identified as a critical mitigating factor, operating
as a reliability control measure akin to procedural standardization in
engineered safety systems. Hofstede’s cultural diversity index and na-
tionality diversity further shaped proficiency outcomes, demonstrating
how crew composition interacts with training effectiveness.

The sensitivity patterns for Language Proficiency show a very
structured relationship between training, operational context, and the
distribution of proficiency states in the crew. The detailed ranking-wise
classification of the top five parameter configurations, for all the three
states of the Language Proficiency has been provided in Table 10.

First, language training emerges as the dominant control lever across
all three states. For Low proficiency, “Language_Training = Certified” is
the strongest negative driver, substantially reducing the posterior prob-
ability of Low proficiency, while “Language_Training = None” pushes it
upward. This symmetry confirms that formal training directly shifts the
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Fig. 5. Sensitivity Analysis for the node Cultural Familiarization.

Rank 3

Rank 4 Rank 5

Cultural_Familiarization =
Low (Cultural Diversity =
Low,
Cultural_Misunderstanding
= No, Nationality_Diversity
= Low, Language _Training =
Certified)
Cultural_Familiarization =
Medium (Cultural_Diversity
= Low,
Cultural_Misunderstanding
= No, Nationality_Diversity
= High, Language_Training
= Certified)

Table 9
Top five most influential parameter configurations for each level of Cultural Familiarization.

Cultural Rank 1 Rank 2

familiarization

state

Low Cultural_Diversity = Low Cultural_Familiarization =

High (Cultural Diversity =
Low,
Cultural_Misunderstanding
= No, Nationality_Diversity
= High, Language_Training
= Informal)

Medium Cultural_Familiarization = Cultural_Familiarization =
Medium (Cultural_Diversity Medium (Cultural_Diversity
= Low, = Low,

Cultural Misunderstanding Cultural_Misunderstanding
= No, Nationality_Diversity = No, Nationality_Diversity
= Low, Language _Training = = Moderate,
Certified) Language_Training =
Informal)
High Cultural Familiarization = Vessel Size = Very_Large

High (Cultural Diversity =
Low,
Cultural_Misunderstanding
= No, Nationality_Diversity
= High, Language _Training
= Informal)

Cultural_Familiarization =
High (Cultural Diversity =
Low,
Cultural_Misunderstanding
= No, Nationality_Diversity
= High, Language_Training
= Certified)

Cultural_Familiarization =
Medium (Cultural_Diversity
= Low,
Cultural_Misunderstanding
= No, Nationality_Diversity

= Low, Language _Training =

Certified)
Cultural_Familiarization =
Medium (Cultural_Diversity
= Low,
Cultural_Misunderstanding
= No, Nationality_Diversity
= Moderate,
Language_Training =
Certified)
Cultural_Familiarization =
High (Cultural Diversity =
Low,
Cultural_Misunderstanding
= No, Nationality_Diversity
= Moderate,
Language_Training =
Certified)

Vessel Size = Very_Large

Cultural_Familiarization =
Medium (Cultural_Diversity
= Low,
Cultural_Misunderstanding
= No, Nationality_Diversity
= Low, Language _Training =
Informal)

Cultural_Familiarization =
Medium (Cultural Diversity
= Low,
Cultural_Misunderstanding
= No, Nationality_Diversity
= High, Language_Training
= Certified)

concentrated in training and procedural controls: Language_Training,
SMCP_Use and Language Diversity are consistently dominant, while
communication, conflict, and accident nodes are absent from the top-
influence set. Vessel Type (Container, General Cargo) and extreme
vessel sizes appear as contextual modifiers rather than primary drivers.
Importantly, across all three sensitivity configurations, accident features
(injuries, damage, severity, incident type) never enter the top-five
influencers. This reinforces the interpretation that they are down-
stream manifestations of a chain led by human, cultural, and commu-
nication factors, rather than direct control variables. Collectively, the
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table clarifies a coherent, layered influence architecture: structural crew
composition and training — cultural familiarization and language pro-
ficiency — communication mode and error patterns — conflict type —
accident consequences.

Taken together, these results demonstrate that sensitivity analysis
does more than highlight statistical dependencies; it provides a risk-
informed basis for prioritization. By identifying the nodes whose vari-
ability most strongly alters safety outcomes, the analysis highlights
leverage points where interventions such as enhanced language
training, rigorous SMCP enforcement, or tailored crewing policies for
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Fig. 6. Sensitivity Analysis for the Node Language Proficiency.

Table 10
Top five most influential parameter configurations for each level of Language Proficiency.
Language Rank 1 Rank 2 Rank 3 Rank 4 Rank 5
proficiency
state
Low Language_Training = Certified Language_Proficiency = Low Vessel_Size = Language_Training = None Language Diversity = Low
(Language_Training = Informal, Very_Large (Nationality_Diversity = Low,
SMCP_Use = Yes, Vessel_Size = Medium)
Language_Diversity = High,
Vessel_Type = Container_Ship)
Intermediate Language_Proficiency = High Language_Proficiency = Vessel_Type = Vessel_Type = General_Cargo Language_Proficiency = High
(Language_Training = Certified,  Intermediate Container_Ship (Language_Training = Informal,
SMCP_Use = Yes, (Language_Training = Certified, SMCP_Use = Yes,
Language_Diversity = High, SMCP_Use = Yes, Language_Diversity = Moderate,
Vessel_Type = Container_Ship) Language Diversity = High, Vessel_Type = Container_Ship)
Vessel_Type = Container_Ship)
High Language_Training = Certified Language_Proficiency = High Vessel_Type = Language_Proficiency = High Vessel_Type = General_Cargo

(Language_Training = Certified,
SMCP_Use = Yes,
Language_Diversity = High,
Vessel_Type = Container_Ship)

Container_Ship (Language_Training = Informal,
SMCP_Use = Yes,
Language_Diversity = Moderate,

Vessel_Type = Container_Ship)

large vessels can reduce accident risk most effectively. This approach,
consistent with practices in other safety-critical domains such as nuclear
and aviation, underscores how probabilistic modeling can directly
inform resource allocation, policy design, and resilience building in
maritime operations.

These results are further complemented by the quantitative display
of the role of each factor for all three scenarios in the Appendix A.

TRI Analysis

In addition to the sensitivity analysis implemented in GeNle, a True
Risk Influence (TRI) check was performed to verify and refine the
ranking of key nodes. Following [16,50,51], TRI measures how strongly
a parent variable can shift a target outcome by forcing that parent into
its most and least risk-favorable states. For each parent node, the state
that produces the largest absolute increase in the probability of a given
target state defines the high-risk influence (HRI), while the state that

produces the smallest absolute change (either increase or decrease)
defines the low-risk influence (LRI). TRI is then computed as the average
of HRI and LRI, expressed in percentage points. This provides a compact
measure of how much “room to move” a variable has over a target
outcome, complementing mutual information by directly quantifying
the magnitude of probability shifts under extreme but plausible
configurations.

The TRI results for incident severity (Table 12) show that Incident
Type is the dominant driver of outcome severity in the model. Switching
the incident type between collision, grounding, equipment failure, and
near miss produces sizeable changes in the probability of each severity
band, with TRI values of 12.5 percentage points for Minor, 6.0 for
Moderate, 4.5 for Severe, and 1.5 for Catastrophic outcomes. This means
that, among the variables examined, the physical expression of the acci-
dent (e.g., collision vs. near miss) is the primary factor reshaping the
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Summary of dominant node categories across sensitivity analyses for Conflict Type, Cultural Familiarization, and Language Proficiency.

Target node (sensitivity) Human/cultural factors

Communication/conflict factors

Accident
features

Vessel features

Dominant: Cultural Familiarization,
Language_Proficiency, background
Cultural_Diversity

Conflict_Type (all four
states)

Dominant: Communication_Mode (Verbal, Written,
Electronic), Communication_Error_Type
(Miscommunication, Non-communication,

Minor / not in top-5 across
states

Not present in
top-5 for any
state

Misinterpretation), Conflict Type states

Cultural_Familiarization Dominant: Cultural Diversity,

Not present in top-5 (only linked indirectly via

Present: Vessel_Size = Not present in

(Low/Med/High) Nationality_Diversity, Conflict Type elsewhere in the network) Very_Large (in Low and High top-5
Language_Training, familiarity runs)
Cultural_Misunderstanding
Language_Proficiency Dominant: Language_Training, Not present in top-5 for any state Present: Vessel Type = Not present in
(Low/Int/High) SMCP_Use, Language Diversity (with Containership, General_Cargo, top-5
some Nationality Diversity context) Vessel_Size (Small, Very_Large
in Low proficiency run)
3.5. Scenario analysis
Table 12
TRI of Incident Type on Incident Severity. . . . P
P ¥ For the scenario analysis, we interpret the BN under specific “what-
Target Parent TRI Minor TRI Moderate TRI Severe if” crew profiles to see how the joint configuration of language and
1 0 0 0 . . .
node variable C0) C0) ) cultural factors reshapes the entire accident pathway. Scenario 1 rep-
Incident Incident Type ~ 12.5 6.0 4.5 resents a deliberately stressed communication setting that is still real-
Severity

severity profile once an incident has occurred. From a reliability
perspective, this is consistent with the idea that the “failure mode” itself
governs the escalation potential of an event, while other factors iden-
tified earlier in the BN mostly act upstream by altering the likelihood
that a given incident type materializes in the first place.

At the conflict layer, Table 13 highlights that Conflict Type is most
sensitive to the mechanism of communication failure and the crew’s
language proficiency. Communication Error Type shows the highest TRI
for Teamwork Issues, with a shift of about 4 percentage points, indi-
cating that changing the dominant error mechanism (e.g., from
miscommunication to non-communication or delayed communication)
substantially redistributes conflict from softer disagreement states to-
ward more disruptive teamwork breakdowns. Language Proficiency
exhibits similarly elevated TRI values (around 3.5 percentage points) for
both Teamwork Issues and Hierarchy Issues, implying that even modest
changes in proficiency meaningfully alter how often conflicts crystallize
as coordination failures or authority-gradient problems. In reliability
terms, these results confirm that, within the conflict sub-structure, how
well people can communicate and what kind of errors they make are the key
levers shaping the conflict pattern, while other factors play a compar-
atively secondary role.

Taken together, the TRI analysis complements the earlier prediction
and sensitivity results by quantifying where small changes in key
human-factor variables produce the largest shifts in risk-relevant states.
At the outcome level, focusing on controls that prevent high-severity
incident types (e.g., collision/grounding) offers the greatest leverage
on severity. At the human-interaction level, targeted improvements in
language proficiency and in preventing/repairing communication errors
are the most efficient levers for reshaping the conflict landscape away
from teamwork and hierarchy breakdowns and towards more manage-
able, lower-impact disagreement patterns.

Table 13

TRI of the Conflict Type under direct parent nodes.
Target node Parent variable Conflict state TRI (%)
Conflict Type Language_Proficiency Teamwork _Issues 3.5
Conflict Type Language_Proficiency Hierarchy_Issues 3.5
Conflict Type Communication_Error_Type Risk_Perception 3.5
Conflict Type Communication_Error_Type Teamwork _Issues 3.5
Conflict Type Communication_Error_Type Hierarchy_Issues 4.0
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istic for large commercial shipping, and it is used to explore how much
risk is created purely by the interaction of human and communication
factors, with the physical ship condition held broadly constant.

Scenario 1 - Highly diverse but poorly standardized bridge team
(Fig. 7)

Evidence: Language Diversity = High (100%), Nationality Diversity
= High (100%), Cultural Familiarization = Low (100%), Language
Training = Informal (100%), SMCP Use = No (100%), Language Pro-
ficiency = Low (100%), Communication Mode = Verbal (100%), Vessel
Size = Very Large (100%), Vessel Type = Container (100%).

In Scenario 1 we deliberately stack several adverse human-factor
conditions to stress-test the model: high nationality and language di-
versity, low cultural familiarization, low language proficiency, only
informal language training, no SMCP use, verbal communication as the
dominant mode, and a very large container vessel (Fig. 7). This
configuration represents a realistic but vulnerable bridge team on a
deep-sea liner, where both linguistic and cultural safeguards are weak.

Given this evidence, the Communication Error Type node concen-
trates probability in miscommunication (45%) and misinterpretation
(22%), with non-communication at 19% and delayed communication at
14%. Compared with the prior prediction (43%, 25%, 17%, 9%), the
mass shifts away from “clean” misinterpretation toward failures to speak
up or to repair errors once detected. In other words, the model does not
simply say that messages are noisy; it infers a team that struggles to
correct misunderstandings because crew members lack both the lin-
guistic confidence and the shared phraseology (SMCP) to challenge
unclear instructions.

This pattern propagates coherently into Conflict Type. Under Sce-
nario 1, teamwork issues rise to 40% and hierarchy issues to 35%, while
behavioral misinterpretation and risk-perception disputes fall to 14%
and 10%. The model thus treats diversity under these conditions not as a
source of redundancy but as a fragmenting force. High diversity with
low familiarization encourages language and national sub-groups; in the
absence of strong formal structures (certified training, SMCP), those sub-
groups interact via steep authority gradients and ad-hoc translation. The
BN, therefore, attributes most conflicts to coordination breakdowns and
power distance, rather than to differences in individual risk perception.

At the accident layer, the Incident Type node moves toward a mixed
collision/grounding regime: collision 37%, grounding 26%, equipment
failure 21%, and near miss 16%. Relative to the baseline (41%, 24%,
17%, 17%), technical failures remain secondary, while geometry- and
navigation-driven events gain weight, consistent with a system where
hardware is intact but the navigational barrier is eroded by weak
communication. Consequences follow the same direction: Incident
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Fig. 7. Model results for scenario 1.
Severity is Minor 34%, Moderate 33%, Severe 24%, Catastrophic 9%; proficiency, and weak standardization systematically amplifies the cost
the probability of at least one fatality increases (injuries/fatalities “One” and recoverability of errors. These trends point directly to targeted in-
= 40%), and Vessel Damage is dominated by major repair (~39%) and terventions, mandatory SMCP and certified language training on highly
total loss (~23%), with “no damage” and minor repair together below diverse, very large container ships, structured cultural familiarization,
40%. In reliability terms, Scenario 1 pushes the system into a regime of and closed-loop verbal protocols, as the most effective levers for risk
frequent, medium-to-high impact navigational accidents: not every reduction.
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multicultural bridge (Fig. 8)

Evidence: Language Diversity = Moderate (100%), Nationality Di-
versity = Moderate (100%), Cultural Familiarization = High (100%),
Language Training = Certified (100%), Language Proficiency = High
(100%), SMCP Use = Yes (100%), Vessel Size = Large (100%), Vessel
Type = Container vessel (100%) (Fig. 8).

In this scenario, the crew is still multinational and linguistically
diverse, but all key “control knobs” on the human-language side are
tuned to a best-practice setting: high proficiency, certified training,
systematic SMCP use, and strong cultural familiarization. The network
responds by reshaping both the error structure and the consequences. At
the Communication Error node, miscommunication remains the single
largest mode at 37%, but misinterpretation rises to 34%, while non-
communication and delayed communication fall to 22% and 7%,
respectively. Compared with Scenario 1 (non-communication 19%,
delayed communication 14%), the share of irreversible breakdowns
shrinks, and the share of interpretable errors grows. In other words, the
BN is inferring that, under high proficiency and standardized phrase-
ology, messages can still be imperfect, but they are more likely to be
spoken, heard, and corrected within the operating cycle.

Conflict dynamics show a similar stabilizing pattern. Teamwork is-
sues and hierarchy issues remain prominent at 33% and 32%, but they
are no longer as dominant as in Scenario 1 (40% and 35%). Risk
perception and behavioral misinterpretation together carry 35% (18%
and 17%), indicating that disagreements increasingly concern how risks
are read and how behavior is interpreted, rather than pure breakdowns in
coordination or authority gradients. High cultural familiarization and
moderate diversity reduce the tendency to fragment into national or
language sub-groups; combined with certified training and SMCP, this
allows more horizontal challenge and clarification, so that hierarchy
conflicts no longer monopolize the conflict space.

At the accident layer, the Incident Type profile is a balanced mix of
collision (36%), grounding (25%), equipment failure (22%), and near
miss (17%). Relative to the prediction baseline, collision loses some
dominance, and both equipment failures and near misses gain share,
which is consistent with a system that still operates in demanding
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environments but manages to arrest part of the error chain before it
becomes a full-blown navigational accident. This is reflected clearly in
the outcome nodes. Incident Severity shifts towards less damaging
states: Minor incidents rise to 43% (from 34% in the baseline and 34% in
Scenario 1), while Severe cases drop to 20% and Catastrophic remains at
9%. Vessel Damage shows the strongest improvement: minor repair and
major repair account for 40% and 39%, but total loss collapses to only
3%, compared with about 23% in Scenario 1. Injuries and fatalities
remain present (e.g., “One” and “Two” each at 29-26%), but the overall
profile is one of contained harm rather than systemic failure.

The key insight from Scenario 2 is that high diversity is not inher-
ently risky; its impact depends on whether it is embedded in a structured
communication regime. When diversity is coupled with certified
training, SMCP, and strong cultural familiarization, the BN reinterprets
many potential breakdowns as repairable misinterpretations rather than
silent or unresolved failures. Operationally, this scenario supports pol-
icies that tie crew composition directly to language training and stan-
dardized communication protocols: large container ships with
multinational crews can be made substantially more resilient not by
reducing diversity, but by professionalizing how that diversity is
managed on the bridge.

Scenario 3 - Diagnostic back-inference from a catastrophic
container-ship collision (Fig. 9)

Evidence: Incident Type = Collision (100%), Incident Severity =
Catastrophic (100%), Vessel Type = Container vessel (100%) (Fig. 9).

In Scenario 3, we reverse the logic of the previous cases: instead of
asking “what happens if the crew profile is adverse?”, we ask “given that
a catastrophic collision of a container ship has occurred, what crew and
conflict configuration does the network infer as most plausible?”. Under
this evidence (Fig. 9), the BN pushes the consequence space to the
extreme: Incident Severity is fixed at 100% catastrophic, and Injuries/
Fatalities shifts from a baseline with many zero-injury events to a profile
dominated by multiple casualties (Two = 38%, One = 33%, Three =
12%, Four = 8%, Zero only 8%). Vessel Damage is likewise concentrated
in high-impact states, with Major Repair at 58% and Total Loss at 3%,
while “None” drops to 11%. The vessel context is implicitly one of large
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Fig. 9. Model results for scenario 3.
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kinetic energy: the posterior for Vessel Size is skewed toward Very Large
(42%) and Large (23%), with only 13-23% for small and medium ships.

What is more interesting, however, is what does not change
dramatically. The human-factor nodes remain close to their priors:
Language Proficiency still favors the High state (49%), Language
Training keeps a balanced distribution with Certified at 43% and
Informal at 37%, and SMCP Use remains mostly “Yes” (71%). Cultural
Familiarization stays centered around Medium (38%) and High (33%),
and Language and Nationality Diversity both sit in mixed, moder-
ate-high regimes. In other words, the network does not diagnose cata-
strophic collisions as primarily a product of “worst-case” language or
cultural profiles. Instead, it indicates that such events can arise even
under relatively competent and formally trained crews, once certain
exposure conditions (container ship, large/very-large size) and accident
types (collision) are present.

The main structural shift appears at the Conflict Type node. Given a
catastrophic collision, the model allocates 37% to Teamwork Issues and
29% to Hierarchy Issues, with Behavioral Misinterpretation and Risk-
Perception disagreements at 21% and 13%. Compared with the pre-
diction baseline, teamwork and behavioral conflicts both rise, suggest-
ing that catastrophic collisions are associated less with pure technical
failure and more with breakdowns in collective sense-making under
time pressure: orders may be linguistically clear, but not accepted, co-
ordinated, or executed consistently across the bridge team. This diag-
nostic reading has two important implications. First, it cautions against
an overly simplistic narrative that “catastrophic outcomes equal low
proficiency”; the BN instead highlights that once traffic density, ship
size, and collision geometry align, even trained, high-proficiency crews
remain vulnerable if team coordination and authority management fail.
Second, it points to targeted interventions beyond training alone: bridge
resource management that explicitly addresses cross-cultural teamwork,
challenge-and-response across ranks, and decision-making under high-
energy collision risk is essential, because these are the levers the
model implicitly links to catastrophic impact when the physical accident

IO Nationality Diversity
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type is fixed.

Scenario 4 — Equipment-failure incident on a tanker with mod-
erate consequences (Fig. 10)

Evidence: Vessel Type = Tanker (100%), Incident_Type = Equipment
failure (100%), Incident_Severity = Moderate (100%) (Fig. 10).

In Scenario 4, the BN is deliberately steered toward a technically
driven accident pathway, reflecting that not all incidents are primarily
shaped by language or cultural diversity. Once we fix the vessel as a
tanker and the accident as an equipment failure with moderate severity,
the network produces a markedly different pattern from the collision-
driven scenarios. At the outcome layer, the model locks the severity
node into the Moderate band (100%), and Vessel Damage concentrates
in Major Repair (61%) with only 1% in Total Loss and 19% in “No
damage”. Injuries and fatalities remain relatively dispersed but skewed
toward lower harm: Zero and One together account for 61%, while
“Two”-“Five” collectively occupy 39%. This profile is fully consistent
with a controlled, technically contained failure that is costly in terms of
repair and downtime but rarely escalates into mass-casualty or hull-loss
events.

Upstream, the crew profile remains close to a “standard” configu-
ration rather than drifting toward the extreme states seen in Scenario 1.
Language Proficiency is slightly biased toward High (47%, Intermediate
31%, Low 23%), Language Training has a healthy share of Certified
(44%) alongside Informal (37%), and SMCP use is predominantly “Yes”
(71%). Cultural Familiarization stays centered around Medium (38%)
and High (34%), and both Language and Nationality Diversity are
broadly distributed. In other words, the BN does not infer that a mod-
erate equipment-failure scenario requires an especially problematic
linguistic or cultural configuration; normal levels of proficiency, di-
versity, and training are sufficient to generate such events.

The main shifts occur in the intermediate socio-cognitive layer.
Communication Error Type still places most probability in miscommu-
nication (44%) and misinterpretation (25%), but non-communication
(22%) and delayed correction (9%) retain non-negligible mass.
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Fig. 10. Model results for scenario 4.
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Conflict Type, however, tilts toward Behavioral Misinterpretation (37%)
and Teamwork Issues (35%), with Hierarchy Issues smaller (10%) and
Risk-Perception disputes at 18%. This combination suggests a qualita-
tively different dynamic from the collision scenarios. Here, the initiating
trigger is technical, but the way the crew detects, interprets, and man-
ages the failure is shaped by day-to-day behavioral and teamwork fric-
tions, misread alarms, incomplete handovers, or inconsistent adherence
to procedures, rather than by outright language breakdown or rigid
authority gradients.

From a reliability and risk-management standpoint, Scenario 4
carries two important implications. First, it empirically supports that
some incident types sit on a “technical majority” pathway: even with
reasonably strong language, training, and familiarization, tankers
experience moderate-severity equipment failures that primarily require
engineering controls (maintenance quality, condition monitoring,
redundancy) rather than radical changes to crew composition. Second,
however, the elevated probabilities for behavioral and teamwork con-
flicts indicate that human factors still shape how costly these failures
become. The network is effectively saying that, given an equipment
failure on a tanker, the difference between minor disturbance and major
repair lies less in language proficiency per se and more in the micro-
coordination of the team: whether checklists are followed, small
anomalies are communicated, and corrective actions are aligned across
ranks.

Thus, Scenario 4 complements the earlier, human-factor-dominated
scenarios by showing that the BN can distinguish between crew-
sensitive and hardware-dominated accident pathways. It reinforces a
nuanced intervention strategy: for tanker equipment failures, invest-
ment in technical reliability and maintenance regimes is primary. While
human-factor efforts should focus on everyday teamwork discipline and
behavioral consistency rather than on wholesale redesign of language
and diversity policies.

3.6. Strength of influence analysis

The strength of influence analysis, computed using mutual infor-
mation metrics from the developed BN, quantifies the interdependencies
among linguistic, cultural, operational, and accident outcome variables.
Unlike prediction and sensitivity analyses, which highlight probabilities
and conditional vulnerabilities, this approach exposes structural cou-
plings, that is, how uncertainty in one node propagates across the system
and magnifies downstream risks. Such measures are widely used in
reliability and system safety to identify dominant risk pathways and to
assess whether failures cluster in particular subsystems or diffuse across
multiple layers of interaction [12,76].

The analysis reveals several key dynamics. As evident in Table 10,
vessel size exerts one of the strongest influences, shaping both nation-
ality diversity (0.54) and language diversity (0.46). Larger ships tend to
recruit more multinational crews, which increases language variation
and thereby elevates communication complexity. This structural driver
creates a higher baseline probability of miscommunication, a classic
“latent condition” that aligns with how design parameters in engineered
systems can embed systemic risk into operations. Nationality diversity,
in turn, is the strongest driver of language diversity (0.52), reinforcing
the link between crewing policies and communication outcomes. Both
diversity indices cascade into language proficiency, primarily through
their impact on training needs and cultural familiarization. Importantly,
language training (0.26) and SMCP use (0.24) directly strengthen pro-
ficiency, acting as preventive safety barriers that can counterbalance
structural risk introduced by vessel -characteristics and crew
heterogeneity.

Downstream effects are equally critical. Language proficiency
strongly impacts communication error type (0.28) and conflict type
(0.28), with cultural familiarization providing a mediating role (0.27).
This pathway illustrates that failures in training or standardization do
not remain isolated; instead, they propagate into operational conflicts
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that escalate into incident outcomes. At the accident level, incident type
has a substantial influence on both vessel damage (0.40) and casualties
(0.32), while injuries/fatalities (0.21) and vessel damage (0.22) jointly
drive incident severity. This layered escalation mirrors accident pro-
gression models in safety-critical industries, where upstream human and
organizational factors magnify into technical and physical losses if not
intercepted by robust barriers [35,49,65].

A further insight emerges from the dual role of diversity. While
cultural and nationality diversity introduce challenges in communica-
tion and familiarization, they also present opportunities for resilience
when coupled with adequate training. For instance, cultural misunder-
standing influences familiarization (0.16), but when addressed through
structured cultural training, this pathway can be reoriented into a
resilience-enhancing feature, much like redundancy or diversity in
engineered systems that, when properly managed, improve overall
robustness. Thus, the analysis highlights not just risk amplification but
also potential leverage points for adaptive safety management.

Collectively, the results underscore that the most influential path-
ways are not evenly distributed but cluster around crew composition,
training interventions, and vessel design parameters. This aligns with
reliability engineering principles, where a small subset of high-impact
variables typically dominates system risk. By quantifying these influ-
ence scores, the analysis provides a clear evidence base for prioritizing
interventions such as enhanced language training, systematic SMCP
enforcement, and tailored crewing strategies on large and container
vessels. In practical terms, these measures serve the same role as engi-
neered safeguards in technical systems: buffering high-risk pathways
and preventing escalation into severe outcomes.

The detailed quantified results of the strength of influence analysis
are presented in Table 14, which provides a comprehensive mapping of
parent—child node relationships, influence magnitudes, and their im-
plications for maritime safety management.

4. Discussion

This study quantitatively unpacks how language and cultural di-
versity, as measured by the Shannon Language Diversity Index and
Hofstede Cultural Diversity Index, shape patterns of miscommunication
and accident risk in global maritime operations. Several prominent in-
sights emerge from the BN analysis, each with clear technical and
organizational implications. These insights map to latent conditions,
barrier performance, and escalation paths in socio-technical systems,
providing a risk-informed basis for intervention prioritization [12,35,
49,65,76]. To our knowledge, this is among the first studies to quanti-
tatively link linguistic and cultural diversity with accident outcomes
using BN strength-of-influence measures, and to interpret these findings
explicitly through a reliability and safety lens.

First, the prediction and scenario analysis confirm that the BN pro-
vides credible forecasting of incident outcomes, with ROC-AUC and
classification accuracy values demonstrating reliable model perfor-
mance. This predictive validity ensures that the BN is not merely
explanatory but can support proactive risk assessments in operational
contexts. Within this validated framework, language diversity and pro-
ficiency are found to be the strongest upstream influencers of commu-
nication errors and subsequent safety incidents. The model’s sensitivity
and strength-of-influence results demonstrate that vessels with higher
language diversity (i.e., crews composed of many equally represented
languages) exhibit significantly elevated probabilities of communication
error types such as misinterpretation and non-communication. This is
consistent with prior findings by [10,26,32,34], who highlighted that
not just the presence but the balance of languages matters: heteroge-
neous crews may be unable to establish an effective “working language,”
increasing ambiguity and the risk of error. Our results extend this by
showing that language proficiency is an even more sensitive variable;
crews with uniformly low English proficiency amplify the effect of
language diversity, compounding the risk of communication
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Table 14

Results of the strength of influence analysis.
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Parent Node Child Node Average Influence Maximum Influence Weighted Influence
Communication Error Type Conflict Type 0.289131 0.625694 0.289131
Communication Mode Conflict Type 0.293234 0.525811 0.293234
Conflict Type Incident Type 0.173725 0.305375 0.173725
Cultural Diversity Cultural Familiarization 0.180643 0.643377 0.180643
Cultural Familiarization Communication Mode 0.093637 0.163846 0.093637
Cultural Familiarization Communication Error Type 0.082631 0.153073 0.082631
Cultural Familiarization Conflict Type 0.266153 0.586302 0.266153
Cultural Misunderstanding Cultural Familiarization 0.155901 0.487499 0.155901
Incident Type Injuries_Fatalities 0.324413 0.661438 0.324413
Incident Type Vessel Damage 0.396973 0.782164 0.396973
Injuries_Fatalities Incident Severity 0.212406 0.661438 0.212406
Language Diversity Language Proficiency 0.252814 0.666667 0.252814
Language Proficiency Communication Mode 0.073577 0.155922 0.073577
Language Proficiency Communication Error Type 0.060681 0.121294 0.060681
Language Proficiency Conflict Type 0.280909 0.678924 0.280909
Language Training Language Proficiency 0.256545 0.647502 0.256545
Language Training Cultural Familiarization 0.185357 0.666745 0.185357
Nationality Diversity Language Diversity 0.515012 0.918954 0.515012
Nationality Diversity Cultural Familiarization 0.195867 0.527069 0.195867
SMCP Use Language Proficiency 0.235041 0.585314 0.235041
Vessel Damage Incident Severity 0.222466 0.739651 0.222466
Vessel Size Nationality Diversity 0.539557 0.830673 0.539557
Vessel Size Language Diversity 0.462059 0.917466 0.462059
Vessel Size Injuries_Fatalities 0.271237 0.661438 0.271237
Vessel Size Incident Severity 0.164398 0.764875 0.164398
Vessel Type Nationality Diversity 0.076593 0.136615 0.076593
Vessel Type Language Proficiency 0.234906 0.647502 0.234906
Vessel Type Incident Type 0.165469 0.273378 0.165469
Vessel Type Injuries_Fatalities 0.274277 0.745666 0.274277
Vessel Type Vessel Damage 0.137686 0.298685 0.137686
Vessel Type Incident Severity 0.169216 0.800000 0.169216

breakdown. This supports recommendations in recent industry reports
[63], advocating for rigorous minimum language requirements and
regular proficiency assessment, not only for officers, but for all bridge
and engine room personnel. In reliability terms, language diversity and
proficiency function as performance-shaping factors whose states
modulate the likelihood of communication failure, suggesting that tar-
geted proficiency uplift yields high leverage on risk reduction [49,75].

The data-driven network reveals a chain of influence: vessel type and
size shape the crew composition, which in turn drives language and
nationality diversity. Larger, more modern vessels (especially bulk car-
riers and tankers) tend to recruit from a broader international pool,
creating higher diversity scores. This trend, previously noted by [67], is
found in our dataset as well and confirms that ship operators’ crewing
strategies have a direct, quantifiable impact on communication risk. As
vessel size and complexity increase, so too does the need for formal
communication protocols and the use of SMCP. Notably, SMCP usage
was found to mitigate some, but not all, of the risk posed by diversity;
however, its effectiveness depends on the baseline proficiency and
adherence among crew, echoing the findings in literature [14,73].
Viewed through sensitivity and barrier analysis, SMCP adherence re-
duces incident probability, but strength-of-influence analysis shows its
effect is conditional on upstream performance shaping factors (profi-
ciency, training), aligning with systems-theoretic views of layered de-
fenses [35,49,65].

A critical insight from the BN analysis is that cultural diversity
operates through multiple communication-related pathways. Higher
Hofstede Cultural Diversity Index scores correlate with increased in-
stances of cultural misunderstanding and conflict, which then influence
communication mode selection (e.g., greater reliance on digital/written
modes when verbal exchanges are strained) and, in turn, shape conflict
type and ultimately incident type and severity. This multi-step repre-
sentation reflects mechanisms described in intercultural communication
and team performance research, and is consistent with the patterns
observed in the coded accident narratives, rather than being imposed
solely by the BN structure. The BN structure’s ability to trace these
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multi-step dependencies highlights why interventions focused solely on
language are insufficient: cross-cultural awareness and familiarity must
be built into crew resource management (CRM) and safety training. The
finding that cultural familiarization training lowers both the incidence
and severity of accidents is strongly supported by empirical studies in
other safety-critical domains, such as aviation [33], and by the MAR-
COM Project [25] recommendations in shipping. This pattern reflects
escalation chains commonly observed in complex systems: latent vari-
ability in culture and coordination degrades information flow, which
then manifests as error-prone communication modes and conflict, unless
intercepted by effective organizational and training barriers [35].

The model’s sensitivity analysis spotlights primary communication
mode and error type as key mediators. For example, the reliance on
radio or digital communication (rather than face-to-face or written) is
associated with higher rates of miscommunication, especially on
culturally diverse vessels. This finding is consistent with existing liter-
ature [17], which showed that mode-switching can exacerbate mis-
understandings when protocols are not uniformly understood or
followed. Further, the severity and outcome of incidents (e.g., injur-
ies/fatalities and vessel damage) are not only shaped by the initial
communication error but are amplified or buffered by downstream factors
like crew training, cultural conflict type, and SMCP adherence. The BN
reveals that ships with low training levels and weak cultural familiar-
ization suffer not just more frequent but also more severe incidents. This
resonates with previous studies [4,26,29,73], which argued that tech-
nical solutions must be paired with human factor interventions to ach-
ieve meaningful safety gains. Linking these results to
importance-measure logic, the nodes flagged as most sensitive act
analogously to high Birnbaum/Fussell-Vesely components in PRA;
improving their reliability (e.g., training, protocol enforcement) should
yield disproportionate system-level safety gains [12,76].

Building on these findings, we strongly recommend that maritime
regulators and operators implement mandatory, multilevel language
proficiency certification, not only at initial recruitment but also through
periodic re-testing and onboard language drills, with particular focus on
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junior and support ranks where undetected errors can propagate. Inte-
grated cultural awareness and communication training modules should
be embedded in CRM, targeting practical conflict resolution and
bridging power distance gaps, an approach that has demonstrably
reduced incident rates in the aviation sector [33]. Crew mix manage-
ment policies should move beyond cost-driven recruitment to consider
operational “diversity windows,” ensuring language and cultural het-
erogeneity remain within thresholds that promote effective communi-
cation (for instance, limiting the number of major language groups per
vessel). Additionally, protocols such as the SMCP should be expanded
and rigorously audited, extending beyond navigation to routine and
emergency procedures. Finally, incident investigation processes must
systematically identify language and cultural contributions to safety
outcomes and integrate these insights into continuous improvement and
targeted training, fostering a cycle of organizational learning and
resilience. Operationally, these actions instantiate barrier management:
define leading indicators (e.g., proficiency distributions, SMCP audit
scores, familiarization coverage), monitor drift, and allocate resources
to the highest-influence nodes identified by the BN to maximize safety
return on investment [35,49,65].

5. Conclusion

Maritime safety remains a critical global concern, as human error,
especially stemming from language and cultural diversity, continues to
contribute significantly to maritime incidents, despite advances in
technology and regulation. The increasing prevalence of multicultural
and multilingual crews onboard modern vessels presents unique chal-
lenges to effective communication, decision-making, and risk manage-
ment. However, rigorous quantitative assessments of how linguistic and
cultural diversity propagate into operational risk have been scarce,
leaving a gap in both theory and practice. This study addresses this gap
by systematically quantifying the pathways through which diversity
influences accident causation, thereby strengthening the empirical
foundation for crew resource management and policy design.

To fill this gap, this study utilized a data-driven BN modeling
framework, analyzing 550 real-world maritime accident cases sourced
from established databases and industry reports. The methodology
entailed extracting structured variables on vessel and crew character-
istics, calculating standardized indices for language (Shannon index)
and cultural diversity (Hofstede index), and parameterizing the BN via
expectation-maximization. The model underwent rigorous validation
through ten-fold cross-validation and ROC/AUC analysis to ensure
reliability. Prediction and sensitivity analyses further elucidated the
influence of diversity-related variables and communication processes on
incident outcomes and severity. Prediction, sensitivity, and strength-of-
influence analyses were then conducted to trace how diversity-related
variables, training factors, and communication processes shape inci-
dent outcomes and severity.

The findings reveal several critical insights. High language and cul-
tural diversity, especially when paired with low language proficiency
and inadequate training, substantially increases the probability of
communication errors, specifically, misinterpretation and miscommu-
nication events, which then cascade to elevate the risk and severity of
accidents. Vessel type and size influence crew composition, further
shaping diversity dynamics and their impact on safety. Sensitivity and
strength-of-influence analyses identified key leverage points for risk
reduction: targeted interventions to improve language proficiency, the
consistent implementation of SMCP, and structured cultural familiar-
ization programs all demonstrably reduce accident likelihood and
severity. Notably, the study also highlights that communication mode
and error type act as primary mediators, while cultural familiarization
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and SMCP compliance buffer the adverse effects of diversity.

The significance of this research is multifold. By moving the con-
versation from anecdotal evidence to robust quantitative analysis, the
study offers actionable recommendations for maritime operators, regu-
lators, and training institutions. It provides a strong empirical rationale
for multilingual proficiency certification, integrated cross-cultural
training, and systematic auditing of communication protocols. At the
same time, this study has several limitations. First, it relies on retro-
spective accident investigation reports, which may suffer from under-
reporting, variable depth of detail, and occasional misclassification of
contributing factors; some language- and culture-related mechanisms
are therefore only partially observed. Second, key constructs such as
language and cultural diversity are represented through indices and
discretized categories, which necessarily simplify complex realities of
crew interaction and may introduce measurement uncertainty. Third,
the Bayesian Network is event-based and static, capturing the state of
the system around recorded incidents rather than the full temporal
evolution of crew dynamics, learning, and organizational drift. Fourth,
all conditional probabilities are estimated from the same finite accident
database (550 investigation reports) using the EM algorithm. As a result,
some conditional distributions rest on relatively sparse empirical sup-
port and should be interpreted as conditional on this specific dataset
rather than as universal industry frequencies. The underlying database
was compiled for this study and is not yet continuously maintained;
periodic updating and re-estimation as further investigation reports
become available would strengthen the external validity of the model.
Future work should therefore incorporate longitudinal crewing and
operational data, extend the analysis to routine (non-accident) opera-
tions, and test targeted interventions (e.g., enhanced training or SMCP
enforcement) through field studies or simulation to better quantify their
impact on communication reliability and safety outcomes.
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Tornado Charts for the Detailed Quantitative Overview of the Sensitivity of Different Target Nodes and their States

Target outcome:

Confict Type=Risk_Perception

Sensitiity for Conflict_Type=Risk_Perception

Current value: 0.170056 Reachable range: [0.169283 .. 0.17083)
0.1695 017 0.1705
¥

1: Communication_Error_Type: ication | Larjguage. Cutural Famiiarization=High
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8: Confict TypesRisk_Perception | Cutural Famiiariz; Proficie gh. Communication_Mode=Viriten, Communication Error TypesMiscommunication

$: Confict TypesRisk Perception | Cukural Familarization=High. Language_Proficienty=High. Communication_ModesVerbal Communication_Error TypesMisinterpretation

10: Confict Type=Risk Perception | Cukural Familarization=Medium, Language Proficienty=High. Communication_Mode=Electronic. Communication_Error. Type=Miscommunication

Target outcome

Fig. Al. Tornado chart of sensitivity analysis for target node conflict type, state Risk Perception.

Corflct Type=Teamwork_lssues

Sensitivity for Conflict_Type=Teamwork_Issues
Current vaiue: 0.342791 Reachable range: [0.341113 . 0.344463]

03415 0342 0.3425 0343 0.34;

Communication_Mode=Verbal. Communication_Error Miscommunication
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10: Communication_Error_Type=Miscommunication | Landuage_Proficiency=High. Cutural Famiarization=Medum

Fig. A2. Tornado chart of sensitivity analysis for target node conflict type, state Teamwork Issues.
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Torget outcome: | Confict Type=Herarchy_lssues

Sensitivity for Conflict_Type=Hierarchy_lssues
Current value: 0.314334 Reachable range: [0.313022 . 0.315646]

03135 0314 - 03145 0315

03155
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9 Communication_ModesVerbal | Language Hroficiency=High. Cutural Famiiarization=High

Cutural Famiiarizat

Fig. A3. Tornado chart of sensitivity analysis for target node conflict type, state Hierarchy Issues.

Target outcome. | Confict Type =Behavioral_Mesrterpretation

0.172

for Conflict_Type:
Current value: 0.172819 Reachable range: [0.171904 . 0.173734]

0.1725 0173 017
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Fig. A4. Tornado chart of sensitivity analysis for target node conflict type, state Behavioral Misinterpretation.
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Target outcome:  Cultural Famikanzation=High
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Fig. A6. Tornado chart of sensitivity analysis for target node Cultural Familiarization, state Medium.
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Target outcome:  Cubural Famiiarization=Low
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Sensitiity for Language_Proficiency=Low
Current value: 0.221905 Reachable range: [0.219958 .. 0.223853)

0222

0221

1: Language_Tiaining=Certified

0223

2 Language_Proficiency=Low | Language Traning=iformal, SMCF| Use=Yes. Language Diversty=High. Vessel Type=Contaner_Ship

3 Vessel Sizhs=Very Large

4: Language_Jraining=None

5. Language Diversty=Low | Nationaitl Diversty=Low, Vessel Size=Medium

6: Language_Proficiency=High | Language_Training=Certified. SW(P_UsesYes, Language Diversty=High. Vessel Type=Bulk_Carrier

7: Language_Proficiency=Low | Language Training=Certified. SMCH_Use=Yes. Language Diversty=Low. Vessel Type=Contaner_Ship

8: Language_Proficiency=High | Language Training=hformal, SMCF| Uses=Yes. Language_Diversty=High. Vessel Type=Container _Shp

10: Language_Proficiency=High | Language Traning=Certified. SUCP Use=Yes. Language_Diversty=Low. Vessel Type=Container_Ship

Fig. A8. Tornado chart of sensitivity analysis for target node Language Proficiency, state Low.
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Target outcome:  Language Proficency=intemedate
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Fig. A9. Tornado chart of sensitivity analysis for target node Language Proficiency, state Medium.

Target outcome:  Language Proficiency=High
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Fig. A10. Tornado chart of sensitivity analysis for target node Language Proficiency, state High.
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