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ABSTRACT 

 

Port State Control (PSC) inspections, conducted by national authorities on foreign ships in their 

ports to ensure compliance with international regulations, serve as a frontline defence for 

maritime safety. However, limited resources force authorities to rely on risk-based prioritisation 

systems and methods that target vessels for inspection using a variety of indicators. These 

systems, built on broad indicators and legacy scoring (historical evaluation methods using 

established factors), often fall short for offshore support vessels (OSVs), a class of ships that 

provide operational support to offshore installations and have unique operational and technical 

profiles that set them apart from standard merchant ships. OSVs remain underrepresented in 

existing risk models. Meanwhile, emerging machine learning (ML) algorithms that 

automatically learn patterns from data to make predictions offer sharper predictions, yet spark 

debate among regulators about their transparency and trustworthiness. This doctoral research 

confronts these challenges by designing a hybrid framework that blends ML with multi-criteria 

decision making (MCDM), an approach that considers multiple factors for ranking or selection, 

to sharpen the prioritisation of PSC inspections for OSVs. The aim is to boost the accuracy of 

detention risk predictions (the likelihood a vessel will be held in port due to deficiencies) while 

keeping the process transparent and traceable for regulators. Drawing on inspection and vessel 

data from the European Quality Shipping Information System (EQUASIS), a database that 

contains information on ships, companies, and inspections, the study treats detention outcomes 

as key signals of elevated safety risk. A suite of ML models, including decision trees (tree-like 

models for decision-making), ensemble algorithms (combinations of models for improved 

accuracy), and neural networks (systems modelled on the human brain to recognise patterns), 

is trained and tested to forecast detention risk using carefully grouped historical inspection data 

that reflect the information available to inspectors before boarding. The models are assessed 

using metrics tailored to imbalanced datasets, where one outcome (such as detention) is much 

rarer than another. Explainable artificial intelligence (AI) techniques, tools that interpret and 

clarify how AI models reach their conclusions, spotlight the most influential features and 

demystify the decision process. To translate predictions into actionable inspection priorities, 

the risk scores are used in a Technique for Order of Preference by Similarity to Ideal Solution 

(TOPSIS) framework, which ranks options based on their similarity to an ideal scenario, 

generating clear, structured vessel risk rankings. The findings reveal that ML models 

outperform traditional approaches in predicting detentions. Insights into the models’ decision-



 

 

making show that their logic closely aligns with established inspection practices. The integrated 

ML and MCDM framework strikes a strong balance between precision and clarity, empowering 

inspectors to prioritise effectively while retaining their professional judgment. Sensitivity along 

with robustness tests, which examine how results change when assumptions or parameter values 

are varied, confirm the framework’s reliability, even as model assumptions or criteria weights 

shift within reasonable bounds. This research advances maritime safety by introducing one of 

the first integrated ML and MCDM tools tailored for PSC inspections of OSVs. In real-world 

use, the framework equips regulators with a flexible, transparent, and compatible decision-

support system. The study acknowledges several limitations, including the scope of the data, 

model generalizability (how well findings apply to data beyond the study sample), and potential 

inspection bias (systematic deviations in findings due to subjective factors). It also charts a path 

for future research, such as expanding to more vessel types, incorporating diverse data sources, 

and exploring the interplay between human judgment and system recommendations in 

inspection decisions. 

Keywords: Port State Control; offshore support vessels; inspection prioritisation; machine 

learning; explainable artificial intelligence; multi-criteria decision-making; TOPSIS; detention 

risk prediction;  
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1. INTRODUCTION 

1.1. Background and Research Context 

Offshore Support Vessels (OSVs) are critical assets in the offshore energy sector, facilitating 

operations that demand high technical reliability, operational flexibility, and ongoing 

coordination between ship systems and crew. Their operational scope encompasses frequent 

manoeuvring near offshore installations, dynamic positioning (DP), towing, subsea support, 

and emergency response. These tasks impose sustained and often concurrent demands on 

propulsion systems, deck machinery, control systems, and human operators, resulting in safety 

conditions distinct from those on conventional merchant vessels. As offshore activities extend 

into deeper waters and more complex environments, the operational requirements for OSVs 

continue to intensify (Hetherington et al., 2006; Schroeder et al., 2015; Lai et al., 2023). This 

trend has been associated with increasingly complex risk profiles that challenge traditional 

inspection and safety-assessment approaches (Schröder-Hinrichs et al., 2013). 

Concurrently, maritime safety oversight has witnessed considerable evolution due to increasing 

digitalisation. Inspection histories, vessel particulars, deficiency records, and company-level 

performance indicators are now accessible via public and semi-public information systems.  

Platforms such as the European Quality Shipping Information System (EQUASIS) offer 

visibility into inspection outcomes and vessel characteristics that were previously inaccessible 

across geographical areas and inspection regimes (Knapp, 2006; Cariou & Mejia, 2017). These 

advancements facilitate more in-depth analyses of safety performance over time and across 

vessel segments. 

Despite the increased availability of data, a structural imbalance has emerged. Although 

inspection datasets are now more comprehensive, the analytical tools used to interpret them 

have largely remained static. Many safety risk assessment methods continue to employ 

simplified scoring rules or categorical indicators, treating technical, operational, and 

organisational factors as independent contributors to risk. Initial exploratory analyses 

conducted for this doctoral research indicated that inspection outcomes for OSVs are frequently 

influenced by interactions among multiple variables rather than by isolated deficiencies (Knapp 

& Franses, 2007). 

This observation served as the foundation for the present dissertation. The main challenge 

identified was not insufficient information but the lack of analytical structures capable of 
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decoding complex inspection data into assessments that accurately portray the operational 

circumstances of OSVs and remain interpretable and practical within inspection-based safety 

systems. 

The diagram showed in Figure 1.1. illustrates the operational environment for OSVs, 

highlighting how technical systems, operational tasks, and human operators interact 

simultaneously. Tasks such as dynamic positioning, cargo handling, towing, and working with 

offshore installations create tightly coupled working conditions, with many subsystems 

working together. These overlapping demands create safety challenges distinct from those on 

regular merchant vessels, adding to the complex and specific risks discussed in this dissertation. 

1.2. Problem Statement and Research Motivation 

Inspection regimes are essential for maritime safety assurance; however, the analytical 

foundations for inspection prioritisation were initially developed for vessel types with stable, 

homogeneous operational profiles. Traditional assessment tools prioritise transparency and 

administrative simplicity, yet they typically assume that risk factors act independently and in a 

Figure 1.1. Different operational characteristics and interactions which can be found during 

operations carried out by OSVs, the author’s illustration is based on Hetherington et al. (2006), 

Schroeder et al. (2015), and Lai et al. (2023) 
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linear manner. In contrast, safety outcomes for OSVs often result from interacting, context-

dependent conditions, including simultaneous machinery loads, high task frequency, 

specialised equipment use, and complex human–machine interactions. 

Inspection records contain patterns and operational signals that conventional assessment tools 

often overlook (Aven,2016). Examples include recurring clusters of deficiencies within specific 

OSV subtypes and correlations between operational roles and safety performance.  

Machine Learning (ML) techniques can identify these structures by modelling complex, 

nonlinear relationships directly from data (Celik et al., 2021; Zhang et al., 2022; Lalla-Ruiz et 

al., 2018). However, applying ML in regulatory environments poses significant challenges. 

High-performing models frequently lack transparency, which complicates their acceptance in 

settings where inspection decisions must be explainable and defensible (Doshi-Velez & Kim, 

2017; Guidotti et al., 2019). 

Explainable artificial intelligence (XAI) methods, such as Shapley Additive Explanations 

(SHAP), provide mechanisms to interpret complex models by quantifying the contribution of 

individual features to model outputs (Lundberg & Lee, 2017; Xu et al., 2021). Nevertheless, 

interpretability alone does not address the broader challenges faced by inspection authorities. 

Effective inspection planning requires balancing statistical evidence, operational context, 

potential safety consequences, and professional judgement. 

Multi-Criteria Decision-Making (MCDM) methods provide a structured approach for 

integrating these diverse dimensions. Techniques such as the Analytic Hierarchy Process 

(AHP) and the Technique for Order Preference by Similarity to Ideal Solution (TOPSIS) have 

been utilised in maritime risk contexts to support transparent and repeatable prioritisation 

(Saaty, 1980; Celik, 2009; Zavadskas et al., 2016). Preliminary stages of this doctoral research 

explored combining ML-based risk estimates with ranking procedures for OSVs, demonstrating 

the potential of linking predictive analytics with decision-structuring methods. These efforts 

also revealed the limitations of ad hoc integration. 

Collectively, these findings reveal a disconnect between the analytical tools currently available 

and the integrated reasoning required in inspection environments. Addressing this gap, 

particularly for a vessel segment as operationally specialised as OSVs, became the central 

motivation for the present research. Figure 1.2 illustrates this segregation by contrasting the 

characteristics of available inspection data, the limitations of conventional assessment tools, 

and the requirements of inspection-oriented decision-making for OSVs. 
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1.3. Research Objectives and Hypotheses 

This dissertation pursues the following objectives: 

• To analyse inspection patterns of OSVs and identify risk-relevant characteristics 

specific to this vessel segment. 

• To develop and compare ML models for predicting OSVs detention outcomes in the 

PSC context. 

• To apply interpretable AI techniques to clarify which factors most strongly influence 

ML predictions. 

• To incorporate predictive insights into a structured MCDM, aligning analytical 

outputs with inspection-priority needs. 

• To evaluate the hybrid ML–XAI–MCDM framework in terms of predictive 

accuracy, interpretability, and practical suitability. 

Research Hypotheses: 

Based on the research motivation developed in this chapter, this dissertation is guided by the 

following hypotheses: 

H1: Inspection patterns for OSV contain sufficient structure to enable the development of 

reliable learning-based models for predicting PSC detention outcomes. 

 

Figure 1.2.  Research gap in the present methodologies in PSC inspections 
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H2: Explainable ML techniques can identify, quantify, and interpret the most influential factors 

associated with OSV safety performance in inspection datasets. 

H3: A hybrid framework combining ML, XAI, and MCDM produces inspection-priority 

rankings that are more coherent, transparent, and operationally meaningful than those derived 

from deterministic scoring methods. 

1.4. Structure of the Dissertation 

The remainder of the dissertation is organised as follows. Chapter 2 reviews the relevant 

literature on the characteristics of OSVs; the implementation of AI techniques in scientific 

research on PSC and in general safety culture in the maritime industry; inspection data; ML 

applications; decision-analytic methods; XAI; and hybrid modelling approaches. Chapter 3 

presents the research methodology, including data preparation, model development, 

interpretability techniques, and multi-criteria integration. Chapter 4 reports the empirical results 

of the predictive models and the hybrid decision-support framework. Chapter 5 discusses the 

research's scientific and practical contributions, while Chapter 6 outlines its limitations and 

directions for future work. Chapter 7 concludes by synthesising the main findings and reflecting 

on their implications for maritime safety oversight. The References and Appendix sections 

close the dissertation. 
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2. LITERATURE REVIEW 

2.1. Maritime Safety and the Evolution of PSC Regulation 

Maritime safety governance has expanded significantly over the past several decades, driven 

by the goal of reducing and preventing accidents in the industry, rising environmental 

expectations, and the globalisation of shipping. PSC emerged as a central regulatory mechanism 

to address uneven flag-state performance and ensure compliance with international 

conventions. Beginning with the Paris Memorandum of Understanding (MoU) in 1982, regional 

PSC agreements created harmonised inspection procedures, standard deficiency codes, and 

shared information systems to improve oversight efficiency and reduce the prevalence of 

substandard ships (Knapp & Franses, 2007; Cariou & Wolff, 2011). 

At its core, PSC serves as a corrective measure within a global regulatory landscape where 

encouragement for strict enforcement varies among flag states. By granting coastal states the 

authority to inspect foreign vessels calling at their ports, PSC compensates for variations in 

national regulatory strength and creates a multilayered enforcement structure that improves 

overall safety performance (Panagakos et al., 2017). Over time, this system has substantially 

influenced ship design, operational practices, and the strategic behaviour of shipping companies 

and flag administrations. 

The introduction of the EQUASIS in 2000 marked a significant turning point in maritime 

transparency. Established as a publicly accessible information platform, EQUASIS aggregates 

PSC inspection results, detention records, classification society information, and flag-state 

performance indicators within a single system (European Maritime Safety Agency, 2023). By 

providing a consistent empirical basis for cross-regional comparison, EQUASIS has enabled a 

wide range of safety-related analyses, including studies of vessel risk, detention patterns, and 

inspection-regime performance (Knapp, 2006; Cariou & Mejia, 2017; Celik et al., 2021). 

In most PSC regimes, inspection prioritisation is operationalised through risk-based targeting 

systems that aggregate vessel-related indicators into composite risk scores to guide inspection 

selection (Cariou et al., 2008; Knapp & Bijwaard, 2009). The limitation lies in the deterministic 

nature of most PSC targeting schemes. While these schemes offer transparency and 

administrative simplicity, they often lack predictive accuracy, especially as vessel types become 

more specialised and operational environments more complex (Goerlandt & Montewka, 2015). 
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The global trend toward digitalisation has raised expectations for data-driven decision-making 

in PSC, encouraging researchers to explore analytical techniques that can enhance inspection 

prioritisation. Several studies have shown that ML approaches can capture nonlinear patterns 

and deliver stronger predictive performance of potential detentions than deterministic rules 

(Celik et al., 2021; Zhang et al., 2022). Studies focusing on OSVs contributed initial 

perspectives on detention risk modelling and highlighted the potential of combining predictive 

analytics with structured decision-making tools (Boko et al., 2024; Boko et al., 2025a; Boko et 

al., 2025b). Those findings highlighted the potential value of deeper analytical integration in 

inspection-oriented safety assessment. 

PSC, therefore, represents both a rich empirical domain and a challenging analytical 

environment. Its datasets capture real-world vessel behaviour and regulatory interactions. Yet 

their practical use requires methods that can handle regional inconsistencies, selection biases, 

and the need for transparent, interpretable decision support.  

Figure 2.1 illustrates the number of scientific publications employing ML and MCA methods 

in maritime safety research from 2010 to 2025. The horizontal axis represents the years, while 

the vertical axis indicates the number of studies identified annually. The figure presents two 

lines: one corresponding to publications utilising ML and the other to those applying MCDA. 

 

Figure 2.1. Evolution of ML and multi-criteria analysis (MCA) studies in maritime safety 

research (2010–2025) 
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This visualisation clearly demonstrates the evolving, increasing research activity in both 

domains – rapidly in ML - over time. 

2.2. OSVs: Operational Patterns and Safety Challenges 

OSVs occupy a distinctive position within the global fleet due to their specialised operational 

roles in offshore energy production. They serve deep-sea drilling units, undertake subsea 

construction, provide towage and anchor-handling support, and perform emergency and 

standby duties (International Maritime Organisation, 2014; Hetherington et al., 2006). The 

operational tempo of OSVs is intense. The technical configuration of this type of vessel further 

reinforces this operational complexity. Advanced propulsion systems, high-torque winches, DP 

control, firefighting and standby equipment, and specialised deck layouts require continuous 

monitoring and coordinated execution (International Maritime Organisation, 2009; Baldauf et 

al., 2011). Empirical studies consistently associate these technical pressures with elevated rates 

of deficiencies in navigation systems, propulsion machinery, fire protection arrangements, and 

International Safety Management (ISM)-related procedures (Celik et al., 2021; Zhang et al., 

2022). 

Human factors represent another critical dimension of OSV operations. Crews frequently 

operate under high cognitive load, managing simultaneous equipment operations, variable 

weather conditions, and interactions with offshore infrastructure. Research indicates that these 

environments increase the likelihood of procedural deviations, communication failures, and 

fatigue-related errors (Hetherington et al., 2006; Schroeder et al., 2015).  

These human-factor challenges are evident in PSC inspection data, in which OSVs exhibit 

recurring deficiencies in operational readiness, navigational routines, and safety management 

practices. 

Inspection exposure further amplifies these patterns. OSVs typically operate within regions 

covered by PSC memoranda of understanding (MoUs), such as the North Sea, Mediterranean, 

Gulf of Mexico, or Southeast Asia, and therefore undergo inspections more frequently than 

deep-sea merchant vessels. High inspection density increases data visibility but also intensifies 

selection bias. More frequent inspections result in more recorded deficiencies, regardless of 

whether the underlying safety performance differs from that of other ship types (Knapp, 2006; 

Cariou & Mejia, 2017). 
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Despite their operational importance and distinct risk profile, OSVs remain comparatively 

underexamined in academic research on PSC. Many empirical PSC studies group OSVs within 

broad vessel categories, which obscures their specific operational challenges and safety patterns 

(Knapp & Franses, 2007; Celik et al., 2021). Recent analyses focusing specifically on OSVs 

have highlighted these limitations and shown that targeted modelling approaches reveal 

different risk drivers than those affecting general cargo or tanker fleets (Boko et al., 2024; Boko 

et al., 2025b). 

These findings underscore the need for analytical tools that accurately represent the technical, 

operational, and organisational realities of OSV operations.  

2.3. Data, PSC Records, and Analytical Approaches to Vessel Risk 

PSC inspection data represents one of the most comprehensive sources available for analysing 

vessel safety in real operational contexts. Unlike voluntary reporting systems, PSC inspections 

generate independent, regulatory-verified observations of vessel condition. Studies across 

maritime economics, safety science, and transport regulation consistently position PSC and 

EQUASIS data as essential resources for examining patterns of compliance, operational 

failures, and structural risk across the global fleet (Cariou & Mejia, 2017; Celik et al., 2021). 

As shown in Table 2.1, existing studies cluster around several recurring thematic domains, 

reflecting the diversity of analytical approaches within PSC-related research. 

The use of PSC data for analytical modelling necessitates careful consideration of its structural 

characteristics. Inspection practices vary across regional MoUs, leading to significant variation 

in deficiency coding, inspection intensity, and reporting completeness (Knapp & Franses, 2007; 

Panagakos et al., 2017). For instance, the Paris MoU’s historically rigid inspection procedures 

yield higher average deficiency rates than those of certain Asia-Pacific jurisdictions, 

Table 2.1. Thematic categorisation of academic studies related to PSC, maritime safety, ML, and 

MCA 

Subject No. of studies 

PSC inspection in general 23 

Maritime safety and PSC inspection 17 

Application of MLMs in PSC 40 

Application of MCDMs in PSC inspections 10 

Application of combined ML and MCA methods in PSC 

inspection 

6 

MI in general 3 
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demonstrating the influence of regional enforcement culture on recorded outcomes (Cariou & 

Wolff, 2011). Failure to account for these differences may lead to misinterpretation of 

regulatory behaviour as vessel safety performance in cross-regional comparisons. 

PSC inspections are inherently non-random. Targeting regimes prioritise vessels considered 

higher risk based on factors such as age, flag performance, company history, and previous 

deficiencies (Cariou & Wolff, 2011). Empirical studies indicate that this selection process 

systematically biases recorded observations: vessels inspected more frequently accumulate 

additional deficiencies, not necessarily due to lower safety, but because of increased inspection 

frequency (Knapp, 2006; Cariou & Mejia, 2017). Recognising this selection bias is essential 

for accurate predictive modelling and interpretation of risk patterns. 

Data granularity introduces a further challenge. Although deficiency codes are harmonised at 

the IMO level, regional variation in interpretation persists. Some MoUs record minor 

procedural irregularities more consistently, while others focus predominantly on technical and 

structural conditions. Human factors add another layer of variability: inspectors differ in 

training, experience, and inspection depth, which influences the consistency of recorded 

deficiencies (Hetherington et al., 2006; Schroeder et al., 2015). These considerations highlight 

the importance of treating PSC data as semi-structured regulatory information rather than a 

uniform dataset. 

Temporal dynamics are also significant. Deficiencies accumulate throughout a vessel’s 

operational life; however, their significance is influenced by inspection frequency, remediation 

actions, and evolving regulatory thresholds (Cariou & Mejia, 2017). Multiple studies report that 

clusters of inspections within short periods often signal unresolved operational issues, while 

extended intervals with clean inspections indicate stable compliance (Cariou & Mejia, 2017). 

Analyses of OSVs reveal similar trends, with inspection recency interacting with operational 

and managerial characteristics to affect both deficiency counts and detention probabilities 

(Boko et al., 2025b). 

Although PSC data are fundamental to maritime risk analysis, they do not comprehensively 

capture organisational practices or cultural factors that affect safety. PSC assessments focus on 

observable conditions during port calls, rendering underlying management systems only 

partially visible. Researchers have sought to augment PSC data with company performance 

indicators and flag-state ratings, which serve as proxies for safety culture and the strength of 

regulatory oversight (Cariou & Wolff, 2011; Kontovas & Psaraftis, 2011). While these 
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enhancements improve explanatory power, they still provide an incomplete depiction of 

organisational risk, especially for specialised vessel types such as OSVs. 

Historically, analytical studies have primarily utilised linear statistical models such as logistic 

regression. These models provide interpretability and are effective at identifying broad risk 

factors, but they assume additive effects and are limited in their ability to capture the complex 

interactions that frequently influence inspection outcomes (Cariou & Mejia, 2017; Zhang et al., 

2022). For example, the effect of vessel age may depend on the quality of company 

management, or groups of technical deficiencies may collectively increase detention risk in 

ways that linear models cannot readily capture. With the expansion of PSC datasets and 

increasing complexity of vessel operations, researchers have adopted ML techniques capable 

of modelling nonlinear relationships, high-dimensional feature interactions, and diverse 

operational patterns.  

Tree-based ensemble models and neural networks (NN) have demonstrated significant 

improvements in predicting detentions, identifying deficiency clusters, and classifying vessel 

risk profiles (Breiman, 2001; Cazzulo et al., 2020; Wang et al., 2021).  

The application of ML in maritime contexts has expanded to include anomaly detection, 

machinery condition monitoring, and navigational risk assessment (Goodfellow et al., 2016; 

Celik et al., 2021; Zhang et al., 2022). 

In the PSC context, multiple studies have shown that ML models outperform deterministic 

targeting schemes by identifying subtle patterns and operational signals that traditional scoring 

methods overlook (Celik et al., 2021; Zhang et al., 2022).  

Analyses focused on OSVs further support these results: ML-based models yield more accurate 

predictions of deficiency risk and detention probability, uncovering operational and technical 

dynamics not captured by PSC’s static scoring systems (Boko et al., 2024; Boko et al., 2025b). 

Despite their predictive advantages, ML models present challenges concerning interpretability 

and regulatory acceptance.  

High-performing models frequently function as ‘black boxes’ (in AI terminology, a ‘black box’ 

model uses an ML algorithm to make predictions, but the reasons behind those predictions 

cannot be explained or traced), complicating efforts by inspectors and administrators to 

understand the basis of predictions (Doshi-Velez & Kim, 2017). Additionally, ML models may 

inadvertently learn patterns that reflect enforcement practices rather than actual vessel 

conditions, such as associating risk with particular MoUs due to variations in inspection rigour 
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(Knapp, 2006). These challenges underscore the necessity for modelling frameworks that 

integrate predictive accuracy with transparent explanation mechanisms. 

Recent research on integrating XAI and structured multi-criteria reasoning has shown potential 

in addressing these challenges (Rudin, 2019; Zio & Aven, 2013; Dinis et al., 2023). Preliminary 

experiments indicate that connecting ML outputs with multi-criteria evaluation can facilitate 

more transparent decision-making in PSC contexts (Boko et al., 2025a). 

Collectively, the literature demonstrates both the strengths and limitations of current analytical 

approaches. PSC data provides valuable insights but necessitates careful management of 

structural inconsistencies, selection bias, and temporal dynamics. Traditional statistical 

methods identify broad trends but fail to capture nonlinear interactions. ML models offer robust 

predictive capabilities but demand interpretability and contextualization for operational use. 

These challenges and opportunities underpin the methodological foundation for the hybrid 

framework developed in this dissertation, which seeks to integrate prediction, explanation, and 

structured decision-making into a unified system tailored to OSV inspection risk. 

2.4. ML, XAI, and Hybrid Decision Systems in Maritime Safety 

The digitalisation of maritime operations has accelerated the adoption of data-driven methods 

for safety assessment, anomaly detection, and operational optimisation. ML has gained 

prominence for its ability to model nonlinear patterns, interaction effects, and high-dimensional 

relationships that traditional risk models cannot capture (Breiman, 2001; Goodfellow et al., 

2016). In maritime contexts, ML has been utilised for machinery failure prediction, collision 

avoidance, navigational anomaly detection, pollution monitoring, and PSC-related risk 

classification (Cazzulo et al., 2020; Wang et al., 2021; Celik et al., 2021; Zhang et al., 2022). 

Tree-based ensemble models such as Random Forests (RF), Gradient Boosting, and XGBoost 

have been particularly influential due to their strong predictive performance and robustness to 

noise and missing data. These models effectively address nonlinearities and complex feature 

interactions, frequently outperforming traditional regression methods in safety classification 

tasks (Breiman, 2001; Lalla-Ruiz et al., 2018). Neural networks (NNs), including both 

feedforward and deep learning architectures, offer greater modelling flexibility by capturing 

abstract feature representations, though they entail a higher risk of overfitting and reduced 

interpretability (Goodfellow et al., 2016; Shukla et al., 2020). 
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Within the context of PSC, initial applications demonstrated that ML could enhance detention 

prediction and identify critical deficiency patterns. Studies employing RF and NNs on PSC 

datasets reported significant improvements in accuracy over deterministic targeting formulas, 

especially when incorporating vessel age, inspection history, technical attributes, and company 

performance indicators as features (Celik et al., 2021; Zhang et al., 2022). Research on OSVs 

further supported these results, indicating that ML models can detect operational and technical 

patterns that are not identifiable through traditional PSC scoring systems (Boko et al., 2024; 

Boko et al., 2025b). These findings underscore the value of ML as a complementary tool in 

PSC inspection planning. 

Despite these advantages, the adoption of ML in regulatory environments is limited by concerns 

regarding model transparency, particularly the perception that many models function as black 

boxes. Regulatory authorities require interpretability and clear justification for inspection 

decisions. In the absence of explanations for model predictions, even highly accurate ML 

models may be regarded as unreliable or lacking legitimacy (Doshi-Velez & Kim, 2017). This 

challenge is especially pertinent in PSC, where decisions have significant implications for 

vessel trading rights, insurance liabilities, and operational schedules. 

XAI has emerged in response to these concerns. Among the available techniques, SHAP 

provides a mathematically rigorous method for interpreting complex models by quantifying the 

contribution of individual features to predictions (Lundberg & Lee, 2017). SHAP delivers both 

global insights, identifying factors that generally influence predictions, and local explanations 

for individual vessels, enabling regulators to understand why a model classifies a specific ship 

as high risk. This dual capability is essential in PSC, where transparency and accountability are 

fundamental to decision-making. 

The value of XAI in maritime applications is increasingly acknowledged. Research applying 

SHAP to navigational risk assessment, collision avoidance, and equipment failure detection 

demonstrates that interpretable ML can enhance operator trust, clarify model logic, and reveal 

risk patterns consistent with domain expertise (Xu et al., 2021; Guidotti et al., 2019; Roy et al., 

2020). In the context of PSC inspection data, SHAP helps validate whether ML models are 

identifying genuine safety signals rather than patterns driven by regional inspection biases or 

inconsistent reporting. This validation capability is essential to ensure that ML-generated 

insights are aligned with safety principles and regulatory objectives (Doshi-Velez & Kim, 

2017). 
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Although ML offers predictive power and XAI provides interpretability, neither approach alone 

is sufficient for complex decision-making tasks such as inspection prioritisation. PSC 

authorities must integrate predictive insights with operational constraints, regulatory priorities, 

and expert judgment. MCDM methods offer a structured framework for incorporating diverse 

considerations into prioritisation processes. AHP and TOPSIS enable experts to evaluate 

multiple risk criteria, assign relative importance weights, and rank vessels based on the 

combined indicators (Saaty, 1980; Celik, 2009; Zavadskas et al., 2016). 

To illustrate the breadth of methodological approaches in the literature, Figure 2.2 shows the 

distribution of different MCDM methods used across maritime application domains, such as 

logistics, ship performance, safety, and Port State Control (PSC). In maritime applications, 

MCDM has been used to assess navigational risks, port selection, ship performance, 

environmental impacts, and emergency response options (Dalaklis et al., 2018; Wang et al., 

2014). MCDM’s key advantage lies in its transparency: decision steps, weight assignments, and 

ranking logic are explicitly documented. This aligns closely with the needs of PSC, where 

inspection targeting must be defensible, consistent, and explainable to stakeholders. 

 

Figure 2.2. Stratification of studies according to the MCDM methods 
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Figure 2.3 shows how ML is used in maritime scientific research. It organises published studies 

by main application areas, including accident prevention and risk assessment, vessel condition 

monitoring, and inspection analytics. The figure compares research activity in these areas and 

shows where ML studies are most common. By bringing these domains together, the diagram 

gives a clear picture of how widely ML is used in maritime research. 

Recent study—including initial experiments in PSC contexts—suggests that integrating ML 

outputs into MCDM frameworks can enhance decision quality by combining predictive 

accuracy with expert-informed transparency (Boko et al., 2025a). Existing studies typically 

evaluate ML and MCDM components separately rather than integrating them into a single 

architecture. None provides a comprehensive methodological pipeline that links predictive 

modelling, model explanation, and structured decision-making into a single workflow suitable 

for operational PSC environments. 

This absence is significant. PSC decision-making requires a balance between accuracy, 

interpretability, and expert judgement. ML alone cannot satisfy the transparency requirements 

of regulatory authorities, while MCDM alone may lack the analytical power to identify subtle 

risk patterns. XAI bridges the interpretability gap but does not offer prioritisation logic. 

 

Figure 2.3. Distribution of ML applications in maritime scientific research 
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Therefore, the literature increasingly points to the value of hybrid analytical approaches, though 

such frameworks remain rare. 

Hybrid ML–MCDM systems have been explored in other sectors—such as energy 

management, healthcare prioritisation, and environmental planning—with promising results 

(Wang et al., 2021; Zavadskas et al., 2016; Roy, 1996). These studies demonstrate that 

combining data-driven modelling with structured expert reasoning can yield decision tools that 

are both accurate and transparent. Nevertheless, their application to maritime safety, 

particularly PSC, remains in its infancy. For OSVs, the lack of established hybrid frameworks 

is even more pronounced. OSVs exhibit unique operational and safety characteristics that are 

poorly represented in generic PSC models.  

Although ML studies have improved understanding of OSV risk patterns, and early applications 

of XAI have clarified model logic, the field still lacks a fully integrated methodology to 

transform these analytical components into a comprehensive inspection-support system. 

Addressing this gap constitutes the dissertation’s central methodological objective (Boko et al., 

2024; Boko et al., 2025a; Celik et al., 2021; Lundberg & Lee, 2017; Guidotti et al., 2019). 

2.5. Synthesis of Literature, Limitations, and Research Gap 

The literature reviewed across PSC regulation, OSVs operations, ML, XAI, and MCDM reveals 

a research landscape that is both rich and fragmented. Each field has produced meaningful 

advances, yet the intersections between them—where the most promising opportunities for 

innovation lie—remain insufficiently developed. 

A recurring theme in the PSC literature is the tension between regulatory transparency and 

analytical complexity. Deterministic scoring systems have been widely adopted because they 

provide clear, straightforward inspection priorities that are justifiable (Panagakos et al., 2017). 

However, these systems cannot capture the nonlinear relationships and operational dynamics 

that studies have repeatedly documented in inspection data (Cariou & Mejia, 2017; Zhang et 

al., 2022). PSC authorities, therefore, operate with tools that are transparent but analytically 

limited. 

At the same time, the body of research on applying ML to maritime safety demonstrates clear 

performance improvements over traditional methods. ML models have been shown to identify 

intricate risk patterns, detect subtle interactions, and accommodate large feature spaces that 

statistical models cannot (Breiman, 2001; Celik et al., 2021; Boko et al., 2024). For OSVs, ML 
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approaches have identified operational and technical risk factors that are not adequately 

represented in conventional PSC frameworks (Boko et al., 2025b). These findings highlight the 

benefits of incorporating ML into inspection targeting. 

However, the literature also recognises that ML is insufficient on its own. Regulatory 

environments require interpretability, and non-transparent models cannot be deployed without 

mechanisms enabling inspectors to understand how predictions arise (Doshi-Velez & Kim, 

2017). The emergence of XAI—especially SHAP—offers promising solutions by enabling both 

global and vessel-level explanations of model behaviour (Lundberg & Lee, 2017; Guidotti et 

al., 2019). XAI techniques allow analysts to verify whether predictive models are learning 

safety-relevant patterns rather than inspection artefacts or regional enforcement biases. Yet, 

despite this progress, XAI has been applied to PSC data only sparingly, and its integration into 

operational decision-making frameworks remains limited. 

A similar pattern appears in the MCDM literature. MCDM methods have demonstrated utility 

in navigational safety assessments, ship performance evaluation, and port planning (Dalaklis et 

al., 2018; Wang et al., 2014). In other words, MCDM has been applied to PSC, but rarely in 

combination with ML or XAI. 

Taken together, these bodies of literature point toward a significant yet unaddressed 

opportunity: the development of an integrated analytical framework that links ML, 

transparency, and structured decision-making into a single, coherent methodology. Such a 

framework would allow PSC authorities to benefit from the predictive accuracy of ML, the 

interpretability of XAI, and the transparent prioritisation logic of MCDM. 

First, PSC-specific ML research remains largely predictive, offering classification or 

forecasting capabilities but not structured decision-support methods. These models provide 

valuable insight but do not directly translate predictions into prioritisation tools suitable for 

regulatory use. Second, XAI has not been fully leveraged in PSC contexts. Although SHAP and 

similar techniques provide transparency, few studies evaluate how explainability can validate 

model integrity, support regulatory justification, or guide the integration of predictive results 

into broader decision frameworks. Third, MCDM applications in PSC are not integrated with 

empirical predictive modelling. Existing studies often rely solely on expert judgement or on 

static criteria, without utilising data-driven insights from ML models. 

Finally, the literature on OSVs remains limited. OSVs are operationally and technically distinct 

from general cargo vessels, tankers, or bulk carriers, yet they are seldom analysed as a 
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standalone category in PSC studies. Their inspection patterns, deficiency distributions, and 

operational risk factors need a tailored analysis that current PSC models cannot offer (Knapp 

& Franses, 2007; Boko et al., 2025b). 

These limitations collectively suggest that PSC inspection targeting has not yet benefited from 

the full potential of modern analytical methods. The literature shows a clear need for: 

• a predictive component capable of capturing nonlinear relationships. 

• an interpretability layer capable of validating model logic. 

• a decision-making structure capable of translating analytical insights into 

operational outputs. 

• and a vessel-type–specific approach that accounts for OSV characteristics. 

This dissertation builds on insights from previous research and directly addresses the analytical 

and practical needs identified in the literature. It proposes a hybrid analytical perspective that 

combines ML techniques, interpretability methods, and MCDM to support the assessment of 

OSVs safety within PSC inspection regimes. In doing so, the dissertation extends existing work 

in PSC analytics and outlines a methodological direction that may support future developments 

in data-informed inspection planning and maritime safety governance. 
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3. METHODOLOGY 

3.1. Introduction 

The preceding chapters established the operational and regulatory context for OSVs and 

examined the limitations of current inspection-based approaches to maritime safety assessment. 

Despite the increasing detail and accessibility of inspection data through regional and 

international information systems, the literature consistently identifies a gap between data 

availability and the analytical frameworks that support inspection decision-making (Knapp & 

Franses, 2007; Cariou & Wolff, 2011). This gap is especially pronounced in vessel segments 

with complex, context-dependent operational profiles. 

In this context, as noted earlier, OSVs pose a distinct methodological challenge. Inspection 

outcomes are shaped not only by technical condition but also by operational intensity, 

specialised equipment, and the interactions between ship systems and human operators. 

Previous studies on offshore and specialised vessels reveal just how elusive these factors can 

be when measured with straightforward scoring rules or simple risk indicators (Hetherington et 

al., 2006; Schroeder et al., 2015; Lai et al., 2023). 

Previous empirical research by the author investigated the application of data-driven techniques 

to PSC inspection data, including the use of classification models to estimate detention-related 

outcomes and the integration of predictive outputs into ranking procedures for OSVs (Boko et 

al., 2024; Boko et al., 2025b). These studies demonstrated that inspection records contain 

meaningful patterns related to OSV safety performance but also identified limitations when 

predictive results were considered in isolation, as discussed in Chapter 2. Without a clear way 

to interpret and prioritise results, purely predictive methods often fell short of being truly useful 

in a real-world regulatory setting. 

The methodology adopted in this dissertation builds upon these observations. Instead of treating 

prediction, interpretation, and prioritisation as separate analytical tasks, the research design 

integrates them within a unified framework aligned with inspection-based decision-making. 

This integrated approach echoes the ongoing conversations in safety-critical fields, where the 

pursuit of analytical excellence is carefully weighed against the need for transparency, 

accountability, and regulatory approval (Doshi-Velez & Kim, 2017; Guidotti et al., 2019). 

Accordingly, this chapter examines the methodological choices underlying the proposed 

framework. The discussion emphasises the transformation of inspection data into analytically 
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meaningful inputs, the development and interpretation of learning-based models, and the 

structuring of analytical outputs to support inspection prioritisation. By grounding these choices 

in both the existing literature and prior empirical research, the methodology provides a 

foundation for the analytical developments presented in the following sections. 

3.2. Research Design and Analytical Framework 

The research design adopted in this thesis is based on the premise that inspection prioritisation 

for OSVs represents a decision problem rather than solely a predictive or explanatory task. 

Although prediction and explanation are important parts of analysis, they are seen as valuable 

tools for helping with decision-making, not as separate goals on their own. This way of thinking 

directly affects how we choose, order, and combine analysis methods in the proposed 

framework. 

The framework is intentionally modular, reflecting both analytical requirements and the 

regulatory environment. Inspection regimes need analytical outputs that are clear, auditable, 

and adaptable to changing regulatory priorities (Parasuraman et al., 2000). Monolithic 

modelling, whether statistical or data-driven, lacks flexibility. A modular design enables 

independent development, validation, and interpretation of analytical functions, while 

maintaining overall coherence. 

Figure 3.1 presents the modular analytical framework, which demonstrates the deliberate 

sequencing of predictive modelling, interpretability, and decision structuring within a unified 

inspection-support process. The figure underscores the sequential, rather than parallel, 

integration of analytical stages. 

 

Figure 3.1. Research design and analytical workflow of the proposed hybrid framework 
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In the first stage, ML models estimate detention-risk patterns using PSC inspection data. The 

goal is to find clear risk signals in complex data, not to make final inspection decisions. 

Learning-based models are used because OSV inspection outcomes depend on technical, 

operational, and organisational factors that interact in ways simple scoring rules or linear 

models cannot capture. Methods that rely solely on set indicators or expert-weighted scores are 

not sufficient here, as they assume factors are independent, which the evidence does not 

support. 

The second stage uses XAI techniques to study how the model works. This step tackles a main 

challenge in regulatory prediction: the complexity of analysis. High accuracy is not enough for 

inspection authorities, who need to explain their decisions and understand what drives risk 

assessments. Interpretable methods help break down model outputs into the role of each feature, 

making it easier to see how risk estimates are made. This stage aims to make the model’s logic 

clearer, so experts can review and understand the results, not replace their judgment. 

The third stage formalises inspection prioritisation as an MCDM problem. Although 

transparency clarifies the generation of predictions, it does not specify how predictive 

information should be weighed against regulatory objectives, operational constraints, and safety 

considerations. MCDM methods are therefore introduced to explicitly structure this balance. 

With this approach, MCDM does not replace analytical modelling or act as an automated 

decision-making tool. Instead, it provides a straightforward and consistent way to combine 

predictive and interpretative results with context-based judgment to set inspection rankings. 

It is important to follow these stages in the order they appear. Predictive modelling alone can 

be accurate but may not work well in practice if it lacks interpretability. Interpretability helps 

explain model behaviour, but without decision structuring, it does not clearly show how to set 

priorities. Decision structuring without using data-driven risk estimates relies too much on fixed 

assumptions or expert opinion. By combining all these stages, inspection prioritisation becomes 

more reliable, clear, and better suited to the real needs of PSC activities. 

This integrated design allows for systematic validation at several levels. Predictive performance 

can be measured with numbers; interpretative consistency across models and cases can be 

checked; and the stability of rankings can be tested under different weighting assumptions. This 

kind of multi-layered validation is crucial in safety-critical fields, where credibility depends on 

the overall coherence and stability of the decision-support process, not just on single 

performance measures. 
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In summary, the proposed research design embodies a deliberate methodological approach. It 

rejects methodologies that treat prediction, explanation, or decision support as isolated 

solutions. Instead, it advances an integrated analytical framework tailored to the epistemic and 

operational demands of OSV inspection prioritisation. The primary contribution of this 

dissertation is the principled alignment of established techniques within a decision-theoretic 

framework, enabling transparent, defensible inspection decisions. 

3.3. Data Sources and Data Preparation 

The empirical analysis in this dissertation is based on inspection data generated through PSC 

activities. The selection of data sources follows the methodological principle that analytical 

models supporting inspection prioritisation must rely on information realistically available to 

inspection authorities at the time decisions are made. Accordingly, PSC inspection databases 

offer both a robust empirical foundation and a direct connection between analytical 

development and operational practice. 

The primary source of inspection-related data for this study is EQUASIS. EQUASIS 

consolidates vessel particulars, inspection histories, deficiency records, and detention outcomes 

reported by multiple regional PSC regimes into a single, publicly accessible platform managed 

by the EMSA (EMSA, 2023). Its structure reflects the operational logic of inspection systems 

by integrating stable vessel attributes with event-based inspection outcomes recorded over time 

and across geographic regions (Knapp, 2006; Cariou & Mejia, 2017). This integration enables 

comparative analysis of inspection performance while maintaining the regulatory context in 

which the data are produced. 

The use of PSC inspection data presents methodological challenges that require explicit 

consideration. Inspections are guided by risk-based targeting strategies that differ across MoUs 

and evolve rather than by random sampling (Anderson et al., 2021). As a result, inspection 

datasets reflect enforcement priorities, regional practices, and historical targeting logic, rather 

than providing an unbiased representation of fleet-wide safety conditions (Knapp & Franses, 

2007; Cariou & Wolff, 2011). The dataset for this research focuses specifically on OSVs. 

Vessel records were filtered by ship-type classifications aligned with offshore operational roles 

to ensure that the analytical sample accurately represents the vessel segment under study. 

Variables were selected based on their relevance to inspection decision-making and their 

availability prior to inspection, thereby avoiding reliance on post-inspection or outcome-
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dependent information. This approach aligns the analytical framework with the practical 

informational constraints faced by PSC authorities (Celik et al., 2021; Zhang et al., 2022). 

Data preparation was approached as a distinct methodological stage rather than merely a 

technical prerequisite for modelling. Initial processing included harmonising categorical 

variables, standardising vessel identifiers, and ordering inspection records chronologically. 

Special attention was paid to handling repeated inspections and multiple deficiencies recorded 

during a single inspection. Inspection outcomes were structured at the vessel–inspection level 

to preserve the contextual integrity of inspection events and to prevent artificial inflation of the 

analytical sample through replication at the deficiency level. Comparable structuring 

approaches have been employed in previous empirical studies of PSC inspection outcomes, 

including those focused on OSVs (Boko et al., 2024). 

Missing data are inherent to inspection datasets compiled from multiple reporting authorities. 

In this study, missing values were handled using a combination of exclusion rules and 

imputation strategies, depending on each variable's role. Variables with systematic or structural 

absence were excluded to prevent bias, while limited missingness in otherwise informative 

variables was addressed using statistically appropriate imputation methods. The guiding 

principle was to preserve analytical validity and interpretability, rather than to maximise dataset 

size at the expense of data quality, in accordance with best practices in applied ML research 

(Kuhn & Johnson, 2013). 

Another key aspect of data preparation was the temporal framing of inspection information. 

Because the study focuses on inspection prioritisation rather than retrospective classification, 

historical inspection records and deficiency patterns were aggregated over defined time 

windows to represent the information state available prior to inspection. This temporal structure 

enables the development of predictive models that reflect inspection planning processes and 

prevent the inclusion of post-inspection information in analytical inputs. Since this research 

focuses on inspection prioritisation rather than classifying outcomes after the fact, the analytical 

framework sets t = 0 as the time at which an inspection decision is made. All explanatory 

variables were built by combining historical inspection and deficiency data available before t = 

0. This approach ensures that the model uses only information available during inspection 

planning. Organising the data this way avoids using post-inspection information, reduces data 

leakage, and follows best practices for predictive modelling in safety-critical and regulatory 

settings (Lipton et al., 2016; Roberts et al., 2021). 
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Similar approaches have been used in previous ML applications to PSC inspection data, 

including studies focused on OSVs (Boko et al., 2025b). Therefore, the unit of analysis in this 

research is the vessel–inspection event, with all explanatory variables constructed to represent 

the information state at the time of inspection (t = 0).  

Figure 3.2. The following illustrates the temporal framing and aggregation logic applied to 

construct vessel-level inspection inputs. The figure demonstrates the aggregation of historical 

inspection records over a specified temporal window to generate vessel-level inputs available 

at the time of inspection (t = 0). This dataset integrates vessel attributes, inspection history, and 

deficiency patterns to facilitate predictive modelling and inspection-support analysis, while 

minimising the risk of information leakage. 

During data preparation, a clear separation was maintained between data construction, 

predictive modelling, and decision structuring. Treating data preparation as a distinct 

methodological step enhances transparency, facilitates reproducibility, and enables subsequent 

analytical results to be interpreted in light of explicitly stated data assumptions. The prepared 

dataset serves as the empirical foundation for the modelling and decision-support methods 

described in the subsequent section. Grounding the analysis in inspection data representative of 

real-world PSC information environments establishes the conditions necessary for meaningful 

 

Figure 3.2. Temporal structuring and aggregation of PSC inspection data for vessel-level analysis 
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interpretation and evaluation of analytical outputs within the context of inspection-based 

maritime safety governance. 

3.4. Modelling Framework and Integration Logic 

The modelling strategy adopted in this dissertation is designed to extract meaningful safety-

related patterns from inspection data while ensuring that analytical outputs remain interpretable 

and actionable within inspection-oriented decision contexts. Instead of treating prediction, 

interpretation, and prioritisation as separate analytical exercises, the framework integrates these 

components within a unified methodological logic. This integration addresses both the 

limitations identified in earlier PSC analytics and the practical requirements of OSV inspection 

planning. 

Supervised ML techniques are central to the modelling framework, enabling the estimation of 

detention-related risk patterns from inspection data. Previous empirical studies applying ML to 

PSC data have shown that these models can enhance sensitivity to complex safety patterns, 

particularly within specialised vessel segments (Celik et al., 2021; Zhang et al., 2022). Earlier 

research by the author on OSVs demonstrated that similar approaches revealed structured risk 

patterns associated with vessel characteristics and inspection histories that were not apparent 

under traditional assessment schemes (Boko et al., 2024; Boko et al., 2025b). 

Model selection within the framework prioritises robustness, stability, and interpretability 

alongside predictive performance. Instead of optimising a single model architecture, multiple 

learning algorithms are considered and evaluated comparatively to determine their suitability 

for inspection-support applications. Consequently, emphasis is placed on models that 

demonstrate consistent performance across validation settings and facilitate systematic 

interpretation. 

To address the interpretability challenges inherent in ML applications, the framework 

incorporates XAI techniques as an integral analytical layer. Clarity is treated not as a post hoc 

diagnostic but as a mechanism for validating model behaviour and examining the contribution 

of individual variables to predicted outcomes. Techniques such as SHAP decompose model 

predictions to identify dominant risk drivers and interaction effects within the inspection data 

(Lundberg & Lee, 2017; Guidotti et al., 2019). Within PSC inspection analytics, this 

interpretative layer provides critical insight into whether model outputs align with established 

safety principles and operational expectations. 
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The role of understandability within the framework extends beyond transparency. By enabling 

systematic comparison of variable importance across models and inspection contexts, XAI 

supports analytical validation and facilitates discussion of model outputs in regulatory terms. 

This capacity for validation is essential to ensuring that ML-generated insights remain 

consistent with regulatory intent and can be examined within inspection decision-making 

processes (Doshi-Velez & Kim, 2017). Previous exploratory studies found that the absence of 

such interpretative mechanisms limited the practical usefulness of predictive models, 

particularly when results conflicted with established inspection experience (Boko et al., 2025a). 

Although predictive modelling and interpretability offer valuable analytical insights, they do 

not, in isolation, resolve the challenge of inspection prioritisation. To translate analytical 

outputs into structured inspection priorities, the framework incorporates an MCDM component 

that synthesises quantitative and qualitative inputs within a transparent decision structure. 

MCDM methods provide formal mechanisms for combining heterogeneous criteria while 

preserving traceability and consistency (Belton & Stewart, 2002). Within this framework, ML 

outputs and interpretative indicators serve as inputs to decision models that structure, rather 

than dictate, inspection priorities. Techniques such as AHP and TOPSIS are used to weight and 

aggregate criteria and to generate prioritisation rankings aligned with inspection objectives 

(Saaty, 1980; Celik, 2009; Zavadskas et al., 2016).  

A key design principle underlying the integration logic is modularity. Predictive modelling, 

interpretability, and decision structuring are developed as analytically distinct components, 

each subject to independent validation and sensitivity analysis. Their integration follows a 

sequential logic that preserves interpretability at each stage and prevents conflating statistical 

inference with normative judgement. This modular structure enhances transparency and 

supports governance considerations, particularly in safety-critical regulatory environments 

where analytical decisions must be explainable and defensible (Kuhn & Johnson, 2013). 

Collectively, the modelling framework and integration logic presented in this section 

implement the hybrid analytical approach introduced earlier in the chapter. By combining 

learning-based prediction, systematic interpretability, and structured decision support, the 

framework addresses limitations identified in existing PSC analytics while remaining aligned 

with the informational and procedural constraints of inspection regimes. The empirical 

performance and practical implications of this integrated approach are examined in the 

following chapter. Figure 3.3. summarises the overall integration logic of the proposed hybrid 
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framework, using a block diagram which illustrates how to integrate PSC inspection data with 

ML models, XAI techniques, and MCDM methods to support the structuring of inspection 

priorities. The framework emphasises modularity, interpretability, and structured decision 

reasoning rather than automated enforcement. 

3.5. Model Validation and Robustness 

The reliability of analytical results in inspection-based safety assessments relies on how well 

the model performs and how robust, transparent, and well-governed the analysis is. In 

regulatory settings such as PSC, analytical tools must meet standards that go beyond mere 

statistical accuracy. As a result, validation is seen as a process with several layers, including 

reliable methods, clear interpretation, and consistent decisions. 

At the statistical level, validation assesses the reliability and generalizability of predictive 

performance under conditions that mirror inspection prioritisation rather than retrospective 

classification. Because detention outcomes are imbalanced, model performance is evaluated 

using multiple complementary metrics. This approach prevents overreliance on a single 

summary measure and enables explicit analysis of trade-offs among errors, thereby reflecting 

 

Figure 3.3. Hybrid ML – XAI – MCDM framework for inspection support 
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the practical requirements of inspection planning (Kuhn & Johnson, 2013; Lalla-Ruiz et al., 

2018). 

Beyond statistical performance, robustness is evaluated through sensitivity analyses and 

stability checks that determine how model outputs respond to changes in data composition, 

parameter settings, and temporal segmentation of inspection records. Consistency in identifying 

risk drivers and in relative vessel rankings across different modelling assumptions is vital. In 

inspection environments, model instability can erode confidence and hinder practical adoption, 

even if average predictive performance is adequate. Previous studies have identified similar 

concerns when applying data-driven methods in safety-critical and regulatory domains 

(Goerlandt & Montewka, 2015; Celik et al., 2021). 

Interpretability is a key part of the validation process. XAI techniques help explain individual 

predictions and check if model behaviour matches safety standards and practical knowledge 

from inspections. By looking at how features contribute and interact in different models and 

validation settings, the framework allows for systematic validation of model logic instead of 

relying on one-off explanations. This is especially important in regulated settings, where 

analytical results must align with regulatory goals and can be closely examined (Doshi-Velez 

& Kim, 2017; Guidotti et al., 2019). 

Validation also encompasses the integrated decision-support layer. The coherence of 

inspection-priority rankings produced by the hybrid framework is evaluated against predictive 

outputs, interpretability findings, and the weighting of decision criteria. Sensitivity analyses are 

conducted to determine how variations in criteria weights or analytical inputs affect 

prioritisation outcomes. This process ensures that integrating ML outputs into MCDM does not 

result in disproportionate influence from any single component or unintended changes in 

inspection focus (Saaty, 1980; Zavadskas et al., 2016). 

Governance considerations represent an additional dimension of validation. The framework is 

structured to support traceability of analytical decisions, enabling inspection authorities to 

review how data inputs, modelling assumptions, and decision criteria influence prioritisation 

outcomes. By maintaining a modular architecture and clear separation among predictive 

modelling, interpretability, and decision structuring, the framework enhances oversight and 

accountability. This approach aligns with broader discussions on the governance of algorithmic 

decision-support systems in safety-critical contexts, where transparency is critical 

(Montgomery, 2017; Doshi-Velez & Kim, 2017). 
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Reproducibility is ensured through systematic documentation of data preparation procedures, 

model configurations, and validation protocols. Analytical decisions are explicitly recorded to 

facilitate replication and independent evaluation, consistent with established scientific practice. 

Although the framework is not currently implemented as an operational system within a PSC 

authority, its methodological design anticipates future deployment requirements, including 

periodic model review, recalibration, and performance monitoring to accommodate evolving 

inspection practices and fleet characteristics. 

Collectively, the validation, robustness, and governance considerations described in this section 

ensure that the proposed analytical framework is evaluated not only for predictive performance 

but also for its appropriateness within inspection-based maritime safety governance. By 

embedding validation across the statistical, interpretive, and decision-support layers, the 

methodology provides a foundation for the responsible use of data-driven tools in maritime 

safety oversight. 

Figure 3.4. shows the multi-layer validation logic applied, illustrating how model performance, 

interpretability, robustness testing, and governance considerations jointly support risk-informed 

 

Figure 3.4. Validation, robustness, and governance layers of the proposed inspection-support 

framework 



 

30 

inspection prioritisation while maintaining auditability, ethical assurance, and regulatory 

alignment. 

3.6. Ethical, Legal, and Practical Considerations 

The methodological design accounts for ethical, legal, and practical factors essential to the use 

of data-driven analytical tools in inspection-based safety governance. Instead of focusing on 

how well the proposed framework works in practice, these factors highlight what is needed for 

responsible development, interpretation, and possible use of analytical methods in regulatory 

settings. 

Ethically, the analysis relies solely on publicly accessible inspection data. No personal data 

about individual seafarers or inspectors is utilised, nor is there any attempt to infer individual 

behaviour or responsibility. The analytical focus is maintained at the vessel and inspection 

system levels, aligning with the scope and intent of PSC regimes. By limiting the analysis to 

aggregated and anonymised records, the research addresses ethical concerns related to privacy, 

surveillance, and individual attribution identified in broader discussions of algorithmic 

decision-support systems (Doshi-Velez & Kim, 2017). 

Legal considerations primarily concern the role of analytical tools in regulatory decision-

making. PSC inspections are governed by international conventions and regional MoUs, which 

assign decision-making authority to inspectors and competent authorities. The analytical 

framework developed in this dissertation is not intended to supplant professional judgment or 

serve as an automated enforcement mechanism. Instead, it is designed as a decision-support 

tool that may inform inspection prioritisation while remaining subordinate to established legal 

mandates and procedural safeguards. This distinction is critical for maintaining compliance 

with regulatory principles and for preventing the delegation of legally significant decisions to 

opaque algorithmic processes (Guidotti et al., 2019). 

Practical considerations encompass the feasibility and interpretability of analytical outputs 

within inspection environments. Inspection authorities face constraints related to time, 

resources, and institutional accountability. For analytical methods to be practically relevant, 

their outputs must be traceable, explainable, and compatible with existing inspection 

workflows. The modular structure of the proposed framework, which separates predictive 

modelling, interpretability, and decision structuring, supports these requirements by enabling 

independent examination and selective integration of each analytical component. This design 
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addresses concerns identified in previous applications of data-driven tools in safety-critical 

domains, where insufficient transparency and operational compatibility have hindered practical 

adoption (Goerlandt & Montewka, 2015). Another practical consideration is the dynamic nature 

of inspection systems. Inspection priorities, targeting criteria, and reporting practices change in 

response to regulatory developments, fleet composition, and emerging risks. Consequently, 

analytical models developed from historical data require periodic review and recalibration to 

remain relevant. Although this dissertation does not implement an operational monitoring 

system, the methodological framework anticipates the necessity for lifecycle management and 

ongoing validation in any future application context. 

Collectively, these ethical, legal, and practical considerations define the boundary conditions 

for the responsible use of analytical methods in PSC inspection support. By explicitly 

acknowledging these constraints, the dissertation positions the proposed framework as a 

methodological contribution rather than a prescriptive regulatory solution, thereby maintaining 

alignment with established principles of maritime safety governance. 
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4. RESULTS AND ANALYSIS 

4.1. Introduction 

This chapter presents the results of applying the methods described in Chapter 3. The analysis 

examines how well ML models perform on inspection data for OSVs. It explains and evaluates 

these predictions before adding them to the larger decision-support system. To meet the 

research goals, the results are presented clearly and in an organised manner. First, the 

performance of each ML model is reviewed, focusing on accuracy, robustness, and consistency 

in different validation tests. Instead of picking a single best model, the aim is to build a solid 

foundation for later interpretation and decision-making. This is especially important in 

regulatory work, where stable, traceable models matter more than minor performance 

improvements. 

The results in this chapter are described and analysed, but do not discuss policy impacts or value 

judgments. Interpretations are limited to what the data directly supports. Broader impacts are 

covered in Chapter 5. This approach keeps the results clear and separate from their possible 

meaning for inspection work. 

4.2. ML Model Results 

 Model Training and Validation Overview 

The ML models were trained using the vessel–inspection event dataset described in Chapter 3. 

Each observation represents a single PSC inspection of an OSV, with explanatory variables 

capturing vessel characteristics, inspection history, and deficiency patterns available prior to 

the inspection event. This design maintains temporal consistency and prevents information 

leakage, both of which are essential for credible predictive modelling in safety-critical 

applications (Kuhn & Johnson, 2013; Zhang et al., 2022). 

Multiple classification algorithms were implemented to address differences in model structure, 

learning capacity, and interpretability. The selected models include tree-based approaches and 

NN architectures commonly used in maritime risk prediction studies (Breiman, 2001; Celik et 

al., 2021; Boko et al., 2024). Hyperparameter tuning was performed on the training data using 

cross-validation, and the final model was evaluated on hold-out validation sets not used during 

training. 
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Due to the inherent class imbalance in detention outcomes, performance evaluation relied on 

multiple metrics rather than a single accuracy measure. This approach reflects best practice in 

maritime safety analytics, where false negatives and false positives have distinct operational 

implications (Lalla-Ruiz et al., 2018; Zhang et al., 2022; Saito & Rehmsmeier, 2015). 

Model performance was assessed using complementary metrics that capture discrimination, 

classification behaviour, and probability reliability. These metrics include the area under the 

receiver operating characteristic curve (ROC-AUC), precision, recall, and calibration error. 

 Comparative Predictive Performance 

Across all tested models, predictive performance surpassed baseline expectations established 

by the deterministic scoring approach. Tree-based ensemble models exhibited highly stable 

behaviour, consistently achieving greater discrimination between detained and non-detained 

inspections across validation folds. These results are consistent with previous maritime studies 

in which ensemble methods outperformed linear or rule-based classifiers on heterogeneous 

inspection data (Breiman, 2001; Boko et al., 2024). 

NN models demonstrated competitive performance across several validation settings, 

particularly when nonlinear interactions between vessel attributes and inspection history were 

significant. However, their performance was more sensitive to training configuration and 

sample composition, leading to greater variability across validation runs. This finding 

underscores the importance of model robustness and reproducibility when evaluating predictive 

tools for regulatory applications, where consistency is paramount (Doshi-Velez & Kim, 2017). 

Notably, no single model outperformed others across all evaluation criteria. Some models 

achieved higher discrimination metrics, while others demonstrated improved calibration or 

reduced variance across folds. These trade-offs informed the decision to retain multiple 

candidate models for subsequent interpretability analysis, rather than prematurely selecting a 

single predictive architecture. A comparative summary of model performance across the 

selected evaluation metrics is provided in Figure 4.1. below. 

Figure 4.1. summarises model predictive performance across several evaluation metrics, 

including AUC, precision, recall, and calibration error. It highlights differences in 

discrimination, classification behaviour, and probability reliability among the various model 

architectures. Calibration error values tend to appear smaller than metrics like AUC, precision, 

or recall because they measure how far predicted probabilities deviate from actual outcomes, 
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not how well the model classifies. As a result, calibration errors usually fall within a much 

tighter range. 

 Calibration and Reliability of Predictions 

In addition to classification performance, the calibration of predicted detention probabilities 

was evaluated to determine whether model outputs could be interpreted as meaningful risk 

indicators. Well-calibrated models generate probability estimates that closely match observed 

outcome frequencies, a property that is especially important in inspection prioritisation contexts 

(Guo et al., 2017; Zhang et al., 2022). 

The analysis indicated that ensemble-based models generally demonstrated more reliable 

calibration than more flexible architectures. In contrast, specific high-capacity models produced 

overconfident predictions in regions with limited training data, underscoring the need to assess 

calibration alongside discrimination metrics. These findings demonstrate that predictive 

strength alone is insufficient for operational relevance, particularly when outputs are intended 

to inform downstream decision-making. 

 

Figure 4.1. Comparative predictive performance of ML models for OSVs detention outcomes, 

stratified by performance metrics 
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 Summary of Predictive Results 

Collectively, the results demonstrate that ML models can identify meaningful patterns in PSC 

inspection data for OSVs. The predictive structures identified in the data support the first 

research hypothesis, indicating that inspection records provide sufficient information to model 

detention outcomes reliably for further analytical applications. 

Simultaneously, the observed differences in performance stability and calibration across models 

reinforce the need to integrate predictive analytics with interpretability and structured decision-

support mechanisms. These considerations motivate the subsequent analysis of variable 

influence and the integration of model outputs into the hybrid ML, XAI, and MCDM framework 

presented in the following sections. 

4.3. Interpretation of Predictive Drivers and Risk Structure 

To shed light on the patterns hidden within inspection data, XAI techniques have been used to 

interpret our model outputs. Rather than focusing on individual predictions, the idea was to 

uncover how different types of information shape the risk of detention for OSVs. Through this 

lens, we explored whether the model’s predictive logic aligns with real-world operational traits 

and established inspection routines. 

Throughout all the models examined, certain variables stood out as key drivers of prediction. 

Inspection history—such as prior deficiencies, recent inspection frequency, and signs linked to 

detentions—had a powerful impact on risk scores. This highlights how safety assessments build 

over time, with past issues continuing to echo in future inspections. Features unique to each 

vessel, such as age and operational class, also shaped predictions, though their influence varied 

with the model’s design and training. 

Notably, the contribution of individual variables was rarely independent. For instance, the 

predictive weight of prior deficiencies varied depending on vessel age, inspection recency, and 

operational role. These interaction effects were especially apparent in tree-based models, which 

are well-suited to capturing conditional relationships in heterogeneous datasets (Breiman, 2001; 

Zhang et al., 2022). Such patterns are challenging to represent using linear or additive risk 

formulations, which treat explanatory variables as independent contributors. 
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Figure 4.2. presents mean absolute SHAP values for the most influential variables, illustrating 

the contributions of deficiency history, organisational attributes, and vessel characteristics to 

detention predictions across four different model architectures: RF, XGBoost, NN and Decision 

Tree. The interpretation analysis further identified distinctions between technical and 

operational signals. Although technical deficiencies and structural indicators were influential, 

operational and organisational variables, such as inspection history patterns and company-level 

attributes, frequently shaped the context in which technical issues became predictive. This 

finding aligns with previous maritime safety studies that emphasise the importance of 

organisational performance and compliance culture in addition to technical condition 

(Hetherington et al., 2006; Cariou & Mejia, 2017). 

The influence of variables was not consistent across all models. Certain predictors were highly 

influential in specific configurations but less so in others, especially in higher-capacity models. 

This variability underscores the need for cautious interpretation. It highlights the importance of 

evaluating explanatory outputs alongside model robustness and calibration, rather than treating 

variable importance as a definitive ranking of risk factors. 

 

Figure 4.2. Relative importance of predictive variables for OSVs detention outcomes across ML 

models 
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In summary, the interpretability analysis confirms that the predictive models capture structured, 

operationally credible patterns in the inspection data. The identified drivers combine historical 

compliance, vessel characteristics, and inspection dynamics. These results establish a 

foundation for integrating predictive outputs into inspection-support reasoning without 

exclusive reliance on statistical representations. 

4.4. Hybrid Risk Structuring and Inspection-Priority Outcomes 

After evaluating predictive performance and interpretability, model outputs were integrated into 

the hybrid decision-support structure introduced in Chapter 3. At this stage, the analysis shifts 

from prediction and explanation to examining the behaviour of inspection-priority outcomes 

when predictive information is combined with structured decision criteria. The objective is to 

assess how analytically derived risk signals can be organised into coherent and transparent 

prioritisation outcomes. 

Instead of letting ML risk scores dictate final decisions, they have been used as one piece of a 

larger analytical puzzle. By normalising these scores and blending them with other key criteria 

tied to inspection priorities and operational needs, we ensured the models' insights informed the 

process without letting raw probabilities drive enforcement actions. 

The resulting inspection-priority rankings demonstrated high internal consistency across 

different model configurations. Vessels identified as higher risk by predictive models generally 

maintained similar relative positions when assessed through the multi-criteria structure, 

regardless of underlying model architecture. This indicates that the hybrid framework is less 

sensitive to model-specific variance than raw predictive outputs, which is a valuable property 

in inspection-support contexts where stability is essential (Bansal, A., Farahani, A., & 

Schölkopf, B., 2021). 

Simultaneously, the integration process identified instances where additional decision criteria 

moderated predictive risk estimates. Some vessels with high predicted detention probabilities 

received lower priority when contextual factors were incorporated. Conversely, vessels with 

moderate predictive risk advanced in the prioritisation hierarchy due to consistent patterns in 

their inspection history. These adjustments demonstrate how structured decision reasoning can 

contextualise predictive signals rather than amplify them without critical assessment. 

Sensitivity analysis revealed that inspection-priority outcomes remained stable even when 

weighting assumptions changed moderately. Only under the most extreme scenarios did 
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rankings change as anticipated, yet the core prioritisation structure proved resilient across a 

broad spectrum of realistic settings. This resilience shows that the hybrid framework stands on 

solid ground, not reliant on delicate or narrowly set parameters, which is essential for real-world 

trust. 

Importantly, the hybrid approach did not simply rank vessels by their history of non-

compliance. Instead, it produced prioritisation outcomes shaped by a thoughtful blend of 

predictive insights, inspection realities, and vessel features. This balanced approach mirrors the 

real-world logic of inspection planning, where decisions draw on a tapestry of factors rather 

than relying on a single factor. 

In summary, the hybrid analysis demonstrates that predictive outputs can be integrated into 

structured inspection-support reasoning without compromising transparency or consistency. 

The resulting prioritisation patterns are analytically grounded, interpretable, and aligned with 

inspection-oriented decision contexts, thereby providing a coherent link between data-driven 

modelling and practical inspection planning. 

4.5. Summary of Empirical Findings 

This chapter presents empirical results from applying ML models and the hybrid decision-

support framework to PSC inspection data for OSVs. The analysis demonstrates that inspection 

records contain structured information that can be utilised to model detention-related risk 

patterns with sufficient reliability for further analytical applications. 

Interpretability analysis indicates that predictive outcomes are influenced by combinations of 

inspection history, vessel characteristics, and operational context, rather than by any single 

factor. These patterns are consistent with the operational realities of OSV activity and 

inspection practice. When incorporated into a structured decision framework, predictive outputs 

contribute to inspection-priority outcomes that are stable, transparent, and context-sensitive. 

The hybrid structure mitigates model-specific variability and supports coherent prioritisation 

without dependence on automated decision rules. The findings presented in this chapter 

establish an empirical foundation for evaluating the scientific and practical contributions of the 

proposed framework, which are addressed in the subsequent chapter. 
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5. DISCUSSION AND CONTRIBUTION 

5.1. Purpose and Scope of the Discussion 

In the previous chapter, we explored how the proposed analytical system performed on PSC 

inspection data for OSVs. The results reveal that ML models can uncover meaningful patterns 

within inspection records, while XAI techniques shed light on how predictions are formed. 

Together, these elements create a transparent framework that supports informed decision-

making (Shrestha, Y. R., Ben-Menahem, S. M., & von Krogh, G., 2019). 

Rather than repeating the empirical results, this chapter examines their deeper meaning and 

what they reveal about inspection risk in OSVs. The discussion moves from simply describing 

findings to thoughtfully analysing them, considering how the trends can be put into practice, 

what new insights the integrated framework offers, and where its limitations lie. 

Three core questions guide this section. First, what new insights arise when predictive 

modelling, interpretability, and decision structuring are viewed together instead of separately? 

Second, how does this integrated approach add value beyond traditional methods in PSC 

inspection analysis? Third, how can these outcomes be understood within the realities of 

regulatory practice and inspection governance? 

5.2. Interpretation of Key Empirical Insights 

The empirical findings collectively indicate that detention risk for OSVs is shaped more by the 

alignment of operational, technical, and inspection-related factors than by any single indicator. 

Across various model designs and validation settings, detention outcomes were consistently 

associated with combinations of conditions rather than with a single dominant variable. This 

observation is central to understanding why simplified scoring systems often fail to capture the 

complexity of risk trends in offshore operations. 

For OSVs, factors such as vessel age, inspection history, and deficiency patterns do not exert 

uniform influence across all contexts. Their impact depends on interactions with operational 

roles, inspection frequency, and prior compliance trajectories. For example, recurring minor 

defects may be individually insignificant but can substantially elevate detention risk when 

combined with specific operational profiles or inspection histories. This interaction-driven 

structure was evident in both predictive performance and interpretability analyses. 
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A second insight concerns the relationship between forecast precision and operational utility. 

While several ML models demonstrated strong discrimination between detained and non-

detained inspections, differences in calibration and stability were observed across modelling 

approaches. The evaluation indicates that robust inspection support depends on consistent and 

interpretable risk signals. 

This finding reinforces a key design decision: prediction is regarded as an evidential layer rather 

than a prescriptive decision rule. Predictive outputs inform subsequent interpretation and 

prioritisation but do not directly determine inspection outcomes. In this manner, predictive 

modelling supports inspection judgment without constraining it. 

Interpretability analysis further elucidates this role. The application of XAI techniques 

demonstrated that dominant predictive drivers generally align with established PSC knowledge 

and highlighted the variability in their influence across contexts. Notably, these explanations 

pertain to model behaviour. Their principal value is in providing transparency and analytical 

validation, rather than causal explanation. Maintaining this distinction explicitly prevents 

overinterpretation and ensures alignment with regulatory criteria. 

5.3. Contribution of the Integrated Framework 

This dissertation’s main contribution is not the creation of new analytical methods, but the 

integration of prediction, interpretability, and decision structuring into a single inspection-

support framework. Each part is already known in the literature, but bringing them together 

helps solve problems that none of them can address individually. 

The framework overcomes these challenges by organising the analytical steps in a specific 

order. The prediction model identifies risk signals in complex inspection data. Interpretability 

helps examine how the model works and how it matches inspection knowledge. Decision 

structuring makes prioritisation clear and consistent. Together, these features make the 

framework well-suited for regulatory inspections. 

The proposed configuration brings together three complementary methods in a structured way. 

Predictive modelling identifies patterns in inspection data that indicate a higher risk of 

detention. Interpretability techniques help explain how the variables interact, and MCDA 

translates these insights into clear inspection priorities. These methods do not work separately; 

instead, they build on each other in a single, unified approach. Unlike traditional PSC methods 
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that use fixed scoring rules or separate statistics, this structure links prediction, explanation, and 

prioritisation to better match the real needs of inspection planning. 

5.4. Significance for PSC Practice 

The findings of this dissertation have several implications for inspection-based maritime safety 

oversight, particularly for OSVs (Hollnagel, E., 2014). These implications primarily concern 

decision support rather than the automation of inspection processes. At the operational level, 

the results indicate that inspection preparation may be enhanced by analytical tools that identify 

interaction-driven risk profiles. Rather than focusing solely on vessels with extreme values on 

individual indicators, inspection authorities could prioritise vessels whose risk arises from 

specific combinations of conditions. This approach aligns with current inspection practices, in 

which contextual judgment is frequently decisive. 

At the organisational level, the framework demonstrates that predictive analytics can be 

integrated without compromising transparency. This integration is feasible only when 

predictive outputs are comprehensible and incorporated within explicit prioritisation logic. 

Such alignment supports internal review, fosters organisational learning, and enables informed 

dialogue between inspectors and administrators. From a regulatory perspective, the outcomes 

imply that advanced analytics can support inspection planning without displacing professional 

judgement. The configuration does not prescribe inspection actions; instead, it provides 

structured input that remains auditable. 

The analysis shows that the detention risk for OSVs arises from the interactions among factors, 

not from any single indicator. Variables such as inspection history, previous deficiencies, and 

recent inspection patterns always affect predictions, but their influence varies with vessel 

characteristics and operating conditions. For instance, the importance of past deficiencies 

depends on the vessel’s age, its role, and the time since its last inspection. This means that risk 

signals in PSC data depend on context, not just on their own. These interactions highlight the 

complexity of OSV operations and explain why simple scoring systems that add up indicators 

often miss important details about inspection risk. 
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6. IMPLICATIONS 

6.1. Practical and Regulatory Implications 

The findings presented have direct implications for PSC authorities, inspection planners, and 

maritime administrations responsible for risk-based inspection strategies. The proposed 

framework demonstrates that inspection prioritisation can be improved by advancing beyond 

static scoring systems to adopt analytically structured decision support that incorporates 

predictive evidence, interpretability, and expert judgement. 

For inspection authorities, the principal implication is methodological rather than technological 

(Saltelli, A. et al., 2020). The framework does not require replacing existing PSC regimes or 

inspection procedures. Instead, it provides a systematic mechanism for converting existing 

inspection data into risk signals that are both analytically robust and operationally interpretable.  

This approach aligns with the practical constraints encountered by PSC organisations, where 

transparency, accountability, and consistency among inspectors and across regions are critical. 

Specifically, the results indicate that OSVs benefit from vessel-type–specific inspection 

prioritisation approaches. The empirical analyses show that detention risk for OSVs is 

influenced by interacting technical, operational, and organisational factors that are not 

sufficiently addressed by generic risk matrices. Consequently, applying uniform scoring 

schemes across diverse vessel categories may reduce inspection effectiveness and obscure 

vessel-type–specific risk determinants. 

From a regulatory standpoint, the framework advocates transitioning to decision-support 

inspections rather than automated risk ranking. Predictive outputs are provided as structured 

inputs to inform human decision-making, rather than as deterministic inspection directives. This 

distinction is essential for maintaining regulatory legitimacy and ensuring that inspection 

outcomes remain defensible and consistent with legal and administrative requirements. 

6.2. Methodological Contributions and Transferability 

While designed for OSVs, the framework also brings fresh methodological insights to maritime 

safety analytics. Its key innovation is the stepwise fusion of ML, XAI, and MCDM into a single, 

inspection-focused system. Rather than treating forecasting accuracy, interpretability, and 

prioritisation as rivals, the model shows how these elements can work together within a clear 
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decision-making structure. This strategy addresses a long-standing hurdle in risk-sensitive 

fields, where cutting-edge analytics often struggle to gain traction due to unclear transparency 

or uncertain practical value. 

Thanks to its modular design, the framework is highly adaptable. While this research spotlights 

OSVs in PSC inspections, the same analytical backbone can be tailored to other vessel types or 

regulatory settings, as long as the right domain variables and expert insights are included 

(Goerlandt, F., Khakzad, N., & Reniers, G., 2017). This flexibility positions the framework as 

a valuable blueprint for future studies that aim to blend data-driven modelling with regulatory 

decision-making. 

6.3. Limitations of the Study 

This dissertation has several limitations that should be acknowledged. First, this analysis uses 

PSC inspection data, which are not collected randomly. The choice of inspections depends on 

targeting rules, regional practices, and operational goals, which introduces selection bias that 

cannot be removed. While the modelling approach considers these factors, the results should 

be interpreted with reference to how the data were generated. Second, the framework is meant 

to help with risk prioritisation, not to explain causes. Although explainable AI methods were 

used to clarify the process, the relationships identified show how the model works, not the 

actual causes. The model is therefore meant to guide inspection planning, not to prove what 

causes accidents or deficiencies. Third, expert judgement is a key part of the MCDM 

component. This helps clarify the framework and aligns with regulatory practice, but it also 

introduces subjectivity. The results of the prioritisation process can vary depending on the 

experts, their experience, and their institutional background. 

Finally, the study covers only OSVs operating within PSC regimes where data were available. 

While the methods can be used elsewhere, the findings should not be applied to situations with 

different operational or regulatory settings. These limitations define the scope of the results in 

this dissertation. Instead of weakening the findings, they clarify the specific situations in which 

the results apply. 

6.4. Directions for Future Research 

Overall, the results show that using a mix of existing methods rather than developing new 

algorithms is important for improving inspection-support analytics for complex vessel types 
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such as OSVs. A promising next step is to apply this framework to other specialised vessel 

types, such as passenger ships, chemical tankers, and offshore construction units. Comparing 

these groups could reveal whether the risk patterns observed for OSVs also occur in other 

complex vessel types. 

Future research could also examine dynamic risk models that account for changes in inspection 

results and operations over time. Using data collected over longer periods may help identify 

emerging risk trends and support more proactive inspection strategies. 

Another area to explore is adding more data sources, like onboard sensor data, voyage details, 

or near-miss reports. While these are not yet part of standard PSC systems, including them 

could improve inspection prioritisation models if regulatory and data governance issues are 

addressed. 

Finally, future studies could examine how inspection authorities use decision-support tools in 

real-world settings. Studying how inspectors respond to these tools would give helpful insights 

into how people and systems work together in risk-based inspections. 
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7. CONCLUSIONS 

7.1. Summary of Investigation Aims and Approach 

This research examined a key problem in today’s maritime safety governance: a growing gap 

between the large volumes of inspection data available to PSC authorities and the analytical 

systems used to prioritise inspections, especially for OSVs. While inspection databases have 

become more detailed, traditional risk assessment tools have not kept up. They still use simple 

scoring methods that do not work well for vessels with complex, changing task operations and 

working environments. 

To address this problem, the dissertation introduced and tested an integrated analytical approach 

that uses ML, XAI, and MCDM in a decision-support setting for inspections. This framework 

is not meant to automate inspections. Instead, it offers a structured way to turn inspection data 

into clear, transparent, and helpful prioritisation results, with human oversight at every step. 

The research used real PSC inspection data for OSVs and was guided by three main hypotheses 

(H1–H3). These shaped the study’s methods, interpretations, and decision-support 

contributions. 

7.2. Evaluation of Research Hypotheses 

Hypothesis H1 

ML algorithms can recognise complex, non-linear patterns in PSC inspection data for OSVs 

that are not adequately captured by traditional risk assessment methods. 

The empirical results presented in Chapter 4 provide substantial support for Hypothesis H1. 

ML models demonstrated the capacity to capture interactions among technical, operational, and 

organisational variables that are challenging to represent using additive or rule-based scoring 

systems. The observed improvements in predictive performance confirm that PSC inspection 

outcomes for OSVs are shaped by combinations of variables rather than isolated deficiencies. 

It is important to note that the findings do not indicate that ML replaces existing inspection 

logic. Instead, they demonstrate that data-driven models can reveal latent risk structures within 

inspection records, thereby complementing established regulatory approaches. Hypothesis H1 

is therefore accepted, with the qualification that predictive performance alone is insufficient for 

regulatory decision-making without suitable interpretative mechanisms. 
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Hypothesis H2 

XAI techniques can improve the transparency and understandability of ML-based inspection 

risk models, making them suitable for regulatory use. 

Hypothesis H2 is supported by the interpretive clarity analysis conducted using SHAP-based 

explanations. The results indicate that XAI methods provide consistent and coherent insights 

into model behaviour, enabling the identification of influential variables and interaction effects 

across OSV inspection outcomes. 

The analysis confirms that XAI outputs reflect model reasoning rather than causal relationships, 

a distinction explicitly acknowledged in the dissertation. Nevertheless, the interpretability layer 

bridges a significant gap between predictive analytics and regulatory accountability. By making 

model outputs traceable and explainable, XAI approaches enhance confidence in data-driven 

assessments and support informed human decision-making. Accordingly, Hypothesis H2 is 

accepted. The findings demonstrate that interpretability is not merely an optional enhancement 

but a structural requirement for applying ML in inspection-based safety governance. 

Hypothesis H3 

Integrating ML outputs with MCDM methods can improve inspection prioritisation by 

structuring predictive information into transparent and operationally usable rankings. 

The integration of predictive outputs with MCDM techniques, as discussed in Chapters 4 and 

5, provides clear evidence supporting Hypothesis H3. By translating probabilistic risk estimates 

and interpretative knowledge into structured prioritisation scores, the framework aligns 

analytical outputs with the practical requirements of inspection planning. 

The use of MCDM does not improve predictive validity; instead, it introduces structure, 

transparency, and repeatability. This distinction is essential. The value of the hybrid framework 

lies in its ability to connect prediction, interpretation, and prioritisation within a coherent 

analytical logic that adheres to regulatory constraints and maintains human oversight. 

Hypothesis H3 is therefore accepted. The findings indicate that effective inspection 

prioritisation arises not from prediction alone, but from the deliberate structuring of analytical 

outputs within a decision-support framework. 
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7.3. Scientific Contributions 

The principal scientific contribution of this dissertation lies in the development and empirical 

evaluation of an integrated ML–XAI–MCDM framework tailored to inspection-based maritime 

safety assessment. Rather than introducing new algorithms, the research advances 

methodological understanding by demonstrating how existing analytical tools can be combined 

systematically to address the specific requirements of PSC environments. 

Primary contributions consist of: 

• An organised strategy for modelling detention-related risk for OSVs using PSC 

inspection data. 

• An interpretability layer that clarifies model behaviour and supports transparent 

regulatory reasoning. 

• A decision-structuring mechanism that transforms analytical outputs into 

inspection-relevant prioritisation under governance constraints. 

• An explicit articulation of the epistemic limits based on data inspection support, 

distinguishing predictive insight from causal inference and automated decision-

making. 

Collectively, these contributions expand the analytical resources available for maritime safety 

research and offer a replicable framework for inspection-oriented decision support. 

7.4. Real-World Applications 

From a practical perspective, the proposed framework offers inspection authorities a structured 

means to enhance prioritisation practices without compromising existing regulatory procedures. 

The framework is compatible with current PSC data infrastructures and does not necessitate 

changes to inspection mandates or enforcement authority. By supporting risk-informed 

inspection planning rather than automated selection, the framework maintains the central role 

of professional judgement while strengthening the analytical foundation for its application. This 

balance between analytical sophistication and regulatory acceptability is particularly significant 

for vessel segments such as OSVs, where operational complexity challenges traditional 

assessment logic. 
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7.5. Concluding Remarks 

This dissertation demonstrates that inspection-based maritime safety assessment benefits from 

integrated analytical frameworks that combine predictive modelling, interpretability, and 

structured decision support. For OSVs, where safety risks result from complex interactions 

rather than isolated deficiencies, such integration is not only valuable but essential. By 

coordinating advanced analytics with regulatory logic and human review, the research advances 

a more transparent, accountable, and context-sensitive approach to inspection prioritisation. 

The framework developed in this study provides a foundation for future analytical 

developments in maritime safety governance while observing the institutional realities within 

which such systems must operate. 
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TERMINOLOGY AND DEFINITIONS: 

Accuracy 

The proportion of correctly classified inspection outcomes relative to the total number of 

observations. In imbalanced inspection datasets, accuracy alone may provide a misleading 

assessment of model performance. 

Area Under the ROC Curve (AUC-ROC) 

A performance metric representing the probability that a model ranks a randomly chosen high-

risk vessel higher than a randomly chosen low-risk vessel across all classification thresholds. 

Calibration 

The degree to which predicted probabilities match observed outcome frequencies indicates the 

reliability of probabilistic model outputs for inspection decision support. 

Decision support 

Analytical assistance provided to human decision-makers to inform judgment and prioritisation 

without replacing professional responsibility or regulatory authority. 

Explainable Artificial Intelligence (XAI) 

A class of methods designed to enhance the transparency of machine learning models by 

providing interpretable explanations of model outputs in safety-critical and regulatory contexts. 

F1-score 

The harmonic mean of precision and recall provides a balanced measure of classification 

performance when false positives and false negatives carry different operational consequences. 

False Negative (FN) 

An outcome in which a vessel associated with elevated inspection risk is incorrectly classified 

as low risk, potentially resulting in missed inspection opportunities. 

False Positive (FP) 

An outcome in which a vessel is incorrectly classified as high risk, potentially leading to 

unnecessary allocation of inspection resources. 
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Imbalanced data 

A dataset in which outcome classes occur with substantially different frequencies. In port state 

control inspection data, detentions typically represent a minority class, requiring careful 

selection of evaluation metrics and modelling strategies. 

Inspection prioritisation 

The process of ranking vessels for inspection based on structured analytical outputs, risk 

indicators, and regulatory criteria, without implying automated selection of inspections. 

Interpretability 

The extent to which the behaviour and outputs of an analytical model can be understood, 

explained, and meaningfully assessed by human decision-makers. 

Machine Learning (ML) 

A class of data-driven modelling techniques that identify patterns and relationships within data 

without requiring explicit rule-based specification. 

Precision 

The proportion of correctly identified high-risk vessels among all vessels classified as high risk 

by the model. 

Predictive modelling 

The use of statistical or machine learning techniques to estimate the likelihood of inspection 

outcomes based on historical data, without implying causal inference. 

Recall (Sensitivity) 

The proportion of correctly identified high-risk vessels among all vessels that are genuinely 

associated with elevated inspection risk. 

Receiver Operating Characteristic (ROC) curve 

A graphical representation of the trade-off between actual positive rate and false positive rate 

across different classification thresholds. 

Selection bias (PSC context) 

A structural property of port state control inspection data arising from targeted inspection 

strategies rather than random sampling, influencing observed inspection outcomes. 
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Shapley Additive Explanations (SHAP) 

A model-agnostic explainability method that quantifies the contribution of individual input 

features to model predictions based on cooperative game theory. 

True Negative (TN) 

An outcome in which a low-risk vessel is correctly classified as low risk. 

True Positive (TP) 

An outcome in which a vessel associated with an elevated inspection risk is correctly classified 

as high risk. 
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