
Data-driven investigation of ship fuel consumption integrating 
causal inference and hierarchical analysis☆

Wenjie Cao a,b, Xinjian Wang a,b,c,* , Wei Zhang d, Huanhuan Li e, Siming Fang f, 
Zaili Yang b,*

a Navigation College, Dalian Maritime University, Dalian 116026, PR China
b Liverpool Logistics, Offshore and Marine (LOOM) Research Institute, Liverpool John Moores University, Liverpool L3 3AF, UK
c State Key Laboratory of Maritime Technology and Safety, Dalian 116026, PR China
d Centre for Maritime and Logistics Management, Australian Maritime College, University of Tasmania, Maritime Way, Newnham, TAS 7248, 
Australia
e School of Engineering, University of Southampton, Southampton SO17 1, UK
f Navigation College, Jimei University, Xiamen 361021, PR China

A R T I C L E  I N F O

Keywords:
Maritime transport
Maritime decarbonisation
Ship fuel consumption
Causal inference
Machine learning
Explainable artificial intelligence

A B S T R A C T

This study develops a data-driven analytical framework that integrates causal inference with 
hierarchical analysis to reveal the underlying mechanisms influencing ship fuel consumption 
(SFC). The framework combines multi-source data fusion, direct linear non-gaussian acyclic 
model-based causal discovery, and double machine learning with causal forests model to estimate 
Average Treatment Effects (ATEs), followed by interpretive structural modelling for hierarchical 
decomposition. Experimental results under the expanded DAG-derived adjustment specification 
indicate that Daily sailing hours has the strongest positive conditional effect on SFC (ATE =
2.058), followed by Main engine RPM with a positive but more uncertain effect estimate (ATE =
0.268). The hierarchical analysis further organises the directional-dependence network into 
interpretable structural levels, thereby illustrating possible multi-level transmission patterns 
among operational and environmental factors. This framework provides an exploratory and 
graph-informed analytical basis for interpreting directional dependencies and observed-covariate 
conditional effect patterns in SFC, offering cautious decision support for data-driven energy 
management. The source code is publicly available at: https://github.com/AdvMarTech/ship_ 
fuel_consum_causalinfer.

1. Introduction

With the deepening of global trade integration, maritime transport, as the backbone of international trade, carries approximately 
90% of global cargo volume and plays an essential role in driving economic development worldwide (Ma et al., 2026; Wang et al., 
2023b). However, the continued expansion of maritime trade has brought increasing attention to ship fuel consumption (SFC) and its 
associated environmental impacts. According to the Fourth Greenhouse Gas Study published by the International Maritime 
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Organisation (IMO), carbon dioxide emissions from international shipping rose from 962 million tonnes in 2012 to 1,056 million 
tonnes in 2018, marking an increase of 9.3% and accounting for 2.89% of total global greenhouse gas emissions (International 
Maritime Organization, 2020). In response to the growing challenge of climate change, the IMO adopted a revised greenhouse gas 
reduction strategy in 2023, targeting a peak in emissions from international shipping as soon as possible and aiming to achieve net zero 
around 2050 (International Maritime Organization, 2023). To achieve this goal, the global shipping industry is facing increasing 
pressure from energy transition demands and environmental regulations (Li et al., 2025). The IMO has introduced a series of 
mandatory measures, including the Ship Energy Efficiency Management Plan (SEEMP, an onboard operational management plan 
aimed at improving a ship’s energy efficiency), the Energy Efficiency Design Index (EEDI, a mandatory design standard that bench
marks the CO2 efficiency of new ships), and the Carbon Intensity Indicator (CII, an operational metric used to rate a ship’s annual 
carbon-intensity performance), which provide a regulatory framework and technical standards to support the green transformation of 
the shipping industry (Luo et al., 2024; Wang et al., 2022). In this context, shipping companies, port authorities, and policymakers are 
actively exploring various strategies for energy conservation and emissions reduction individually and collectively. Among these ef
forts, improving operational efficiency to control SFC has become a central focus (Li et al., 2024c; Wang et al., 2025b). Compared with 
ship design improvements, operational measures typically involve lower investment, shorter implementation times, and faster out
comes, making them particularly effective and applicable in the practice of maritime emissions reduction (Cao et al., 2025c; Coraddu 
et al., 2017; Yang et al., 2019).

SFC prediction, as a fundamental technological component of energy efficiency management in the shipping industry, holds 
strategic importance for achieving operational cost control and carbon emissions reduction. However, SFC is influenced by a wide 
range of factors, including sailing speed, loading condition, ship age, maintenance status, marine environment, and meteorological 
variables. These factors are often interrelated in a complex nonlinear manner, which poses substantial challenges for traditional 
modelling approaches to accurately quantifying the underlying mechanisms (Wang et al., 2023a; Yan et al., 2021). In recent years, 
Machine Learning (ML) techniques have been increasingly applied to SFC prediction, owing to their strong capabilities in processing 
high dimensional data and capturing nonlinear relationships (Cao et al., 2026b; Wang et al., 2024). Compared to conventional physics- 
based models, ML approaches offer improved effectiveness in identifying intricate patterns and interactions among influencing factors 
(Cao et al., 2025b; Luo et al., 2023).

Although existing ML models have significantly improved prediction accuracy, most studies primarily focus on identifying vari
ables that are strongly correlated with SFC, while failing to uncover the actual causal relationships between these variables and fuel 
usage (Huang et al., 2024) due to the complexity of the issue in nature. In other words, while such models can indicate which factors 
are associated with SFC, they do not address whether and how the changes in these factors genuinely cause variation in consumption. 
This absence of causal understanding limits the development and implementation of targeted energy saving strategies. Moreover, the 
variables influencing SFC are often interdependent and interact in a coordinated manner, forming a complex causal network. 
Traditional correlation analysis overlooks the structural causality among variables, which may introduce bias in assessing the true 
overall contribution of each factor at a system level (Cao et al., 2025a; Li et al., 2024b; Zhang et al., 2025a).

To address the challenges outlined above, this study proposes a systematic holistic research framework that integrates data driven 
modelling with causal inference analysis to systematically uncover the drivers of SFC and their underlying mechanisms. The frame
work incorporates a range of advanced methods, including multi-source heterogeneous data fusion, causal structure identification and 
quantification. This integrated approach not only enables accurate prediction of SFC, but also facilitates in depth analysis of structural 
causality and transmission pathways among the influencing factors.

The remainder of this paper is structured as follows. Section 2 reviews the relevant literature, identifies the limitations and key 
challenges in existing studies, and defines the state of the art in the field and establishes the theoretical foundation. Section 3 provides a 
detailed description of the proposed multi-phase analytical framework, which includes multi-source heterogeneous data fusion, 
feature selection, and a causal inference system that integrates Direct Linear Non-Gaussian Acyclic Model (DirectLiNGAM), Causal 
Forest-based Double Machine Learning (DML-CF), and Interpretive Structural Modelling (ISM). Section 4 presents the empirical 
findings, offering an in-depth analysis of causal effect quantification, and the hierarchical structure and propagation pathways within 
the influence network. Section 5 outlines the theoretical contributions and practical implications of this study, offering decision 
support for enhancing energy efficiency and promoting green transformation in the shipping industry. Section 6 concludes this study 
by summarising the main findings, discussing the limitations, and proposing directions for future research.

2. Literature review

This section systematically reviews the academic background and recent advancements relevant to SFC. The review is structured 
around two progressive levels. First, it focuses on the traditional identification and quantitative analysis of the key drivers influencing 
SFC, and provides a comprehensive overview of established findings in areas such as ship design, operational practices, and external 
environmental factors. Building on this foundation, this section then examines the development of causal inference methods, which 
have emerged to address the limitations of conventional correlation-based approaches. The theoretical significance and practical 
applications of these methods are discussed within the context of complex system analysis, offering a foundation for uncovering the 
deeper and more structured mechanisms underlying the influence of these factors.

2.1. Identification and quantification of factors affecting ship fuel consumption

SFC is a nonlinear system process influenced by multiple complex factors. Accurately identifying and quantifying its primary 
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drivers is essential for enhancing energy efficiency in shipping and developing effective energy saving strategies. Existing research 
indicates that the factors influencing SFC can generally be classified into three major categories: ship design, navigational operations, 
and external environmental conditions (Hu et al., 2025; Meng et al., 2016; Yan et al., 2021).

Ship design factors form the foundational framework for fuel efficiency, primarily encompassing parameters such as hull shape, 
propeller configuration, and deadweight tonnage (Saydam et al., 2022; Tillig et al., 2015). These factors directly affect a vessel's 
hydrodynamic resistance during navigation and thus fundamentally determine its energy consumption levels (Kim et al., 2017). 
Hamed (2022) demonstrated significant differences in resistance characteristics among various hull forms: slender hulls are more 
advantageous in reducing wave resistance, whereas wider waterline designs help lower frictional resistance. Yan et al. (2024) sys
tematically analysed the nonlinear relationship between the hull’s principal dimensions and fuel efficiency, highlighting drag 
reduction and propulsion efficiency enhancement as the core goals of structural design. As a critical component of propulsion, the 
optimisation of propeller configuration significantly affects SFC. Inal et al. (2022) further highlighted that hybrid and electric pro
pulsion technologies can contribute to fuel-consumption and emission reductions by improving overall system efficiency. Marques 
et al. (2018) achieved simultaneous reductions in SFC and emissions for a container ship by designing propellers with a minimum 
brake specific SFC at the engine’s operating point. Maersk's Triple E class container ships feature a low speed, large diameter twin 
propeller design, improving SFC per unit of cargo by over 37 percent compared to their predecessors at equivalent load capacity (Halff 
et al., 2019). Additionally, deadweight tonnage significantly affects fuel efficiency, for example, the difference in SFC between fully 
loaded and ballasted conditions in ultra large crude oil carriers can reach 25 to 30 percent of total consumption (Adland et al., 2020; 
Nguyen et al., 2022).

Navigational operational factors, as controllable elements of ship operation, primarily include parameters such as sailing speed, 
voyage distance and duration, and cargo capacity (Psaraftis and Kontovas, 2014; Theocharis et al., 2019). These parameters not only 
directly influence SFC, but also affect overall energy efficiency through complex interactions and interdependencies (Işıklı et al., 
2020). Among these, controlling sailing speed is widely regarded as one of the most effective approaches to energy saving. Studies 
have shown that a ship’s daily fuel consumption is approximately proportional to the cube of its sailing speed (Wang and Meng, 2012). 
The application of slow steaming strategies has been extensively investigated as a practical method to reduce both SFC and carbon 
emissions. For instance, Balcombe et al. (2019) report that slow steaming can reduce fuel use and CO2 emissions by 20 to 30 percent, 
and up to 60 percent under extreme conditions. Building on this, Degiuli et al. (2021) found that a 13.6 percent reduction in the speed 
of Panamax container ships in the Mediterranean can yield up to a 31 percent decrease in SFC and greenhouse gas emissions. In 
addition, Borkowski et al. (2019), through an analysis of historical operational data, revealed that sailing at 20 knots results in 130 
percent higher annual SFC compared to 15 knots, while cargo transport increases by only 29 percent. Voyage duration and route 
selection also play a critical role in fuel efficiency by interacting with variables such as speed and weather conditions (Huang et al., 
2025a).

External environmental factors, as uncontrollable variables in ship navigation, primarily include natural conditions such as sea 
state, ocean currents, wind speeds, and wind directions (Wang et al., 2025d). These factors significantly influence wave and wind 
resistance, alter additional propulsion power requirements, and affect hull stability, thereby directly impacting SFC (Wang et al., 
2025a). Existing research has shown that an increase in wave height from one to two metres can raise hull resistance by 20 to 30 
percent (Farag and Ölçer, 2020). Hull fouling and coating degradation increase surface roughness; cumulative fouling over six months 
can result in a speed loss of 1.5 to 2.0 knots (Bialystocki and Konovessis, 2016). In such cases, ship operators often increase engine 
power to maintain scheduled arrivals, which further raises SFC (Kontovas, 2014). Notably, there is a significant interaction between 
environmental and operational factors. Route optimisation strategies that incorporate environmental variables such as wind, currents, 
and waves can reduce emissions and SFC by up to 30 percent on medium and long distance voyages (Borén et al., 2022). Although the 
disruptive effects of adverse weather on ship schedules have been acknowledged by researchers such as Bell et al. (2013) and Saber 
et al. (2025), the quantitative relationship between fuel efficiency and weather conditions remains underexplored.

2.2. Application of causal inference methods in complex system analysis

The driving mechanism of SFC is inherently complex and influenced by the interaction among hull structure, operational state, and 
external environmental conditions (Wang et al., 2025a). Achieving accurate prediction and effective control requires a thorough 
analysis of causal mechanisms and a quantitative assessment of the interactions among influencing factors and their specific contri
butions to system dynamics (Huang et al., 2024). Traditional correlation based statistical methods often overlook causal dependencies, 
which can result in systematic bias during attribution analysis. Consequently, the adoption of causal inference approaches has become 
a necessary and increasingly prominent direction in this field (Wang et al., 2025c).

Structural Causal Modelling (SCM), a classical framework for causal inference, describes causal relationships among variables and 
estimates causal effects by integrating structural equations with causal diagrams (Arif and MacNeil, 2023). This method has been 
successfully applied across various fields. Sun et al. (2023) employed SCM to estimate the Average Treatment Effect (ATE) of different 
groundwater extraction strategies, aiming to optimise coastal groundwater management. Liu et al. (2025a) applied SCM to investigate 
the causal relationships between key explanatory variables and urban water quality. In the transport domain, Singh and Borrok (2019)
utilised spatio temporal Granger causality analysis to examine the causal mechanisms underlying long term groundwater patterns. 
Similarly, He et al. (2023) proposed a spatio temporal Granger causality based approach to capture the global dynamic transmission of 
traffic information and demonstrated its effectiveness in improving the accuracy of long term traffic flow prediction.

LiNGAM is a prominent causal discovery method grounded in SCM, originally proposed by Shimizu et al. (2006). The model as
sumes linear relationships among variables and Non-Gaussian, statistically independent noise in the data generating process, and it is 
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solved using independent component analysis. Moneta et al. (2013) demonstrated the effectiveness of LiNGAM in identifying causal 
relationships among economic variables by comparing its performance with traditional methods. DirectLiNGAM, an enhanced version 
introduced by Shimizu et al. (2011), addresses the instability caused by random initialisation in independent component analysis and 
offers improved robustness and computational efficiency. More recently, Chauhan et al. (2024) integrated the causal discovery al
gorithm with structural equation modelling (SEM) to develop the DirectLiNGAM-SEM approach for analysing travel mode choice, 
validating its causal identification capability using data from the New York metropolitan area.

In recent years, innovative frameworks that integrate causal reasoning with ML have begun to emerge in the transport and energy 
sectors (Huang et al., 2024). These developments not only facilitate the quantification of causal dependencies among variables but also 
deepen the theoretical understanding of underlying mechanisms (Liu et al., 2025a). Causal Machine Learning (CML) effectively 
combines causally interpretable algorithms with the capacity of ML to detect statistical patterns in high dimensional, unstructured data 
(Dibaeinia et al., 2025; Tang et al., 2025). Causal Forest (CF), a tree based CML approach, has demonstrated strong performance in 
evaluating the causal effects of different interventions, offering robust statistical inference and actionable causal insights in fields such 
as public policy and healthcare (Wang et al., 2025c). Double Machine Learning (DML), a general framework that merges ML with 
causal inference, was introduced by Chernozhukov et al. (2018) and has since been widely applied. For example, Zhang et al. (2022)
used DML to analyse the social impacts of London’s night time underground services; Nachtigall et al. (2025) employed it to assess the 
limiting effects of urban planning policies on travel related CO2 emissions; and Huang et al. (2025b) applied DML to investigate how 
data resources promote inclusive green growth across 301 prefectural cities.

2.3. State of the art and contributions of this study

This study presents three significant contributions to the field of SFC analysis, offering novel methodological innovations and 
deeper insights into maritime energy efficiency optimisation. The state-of-the-art for these contributions (C1-C3) is summarised below:

C1. A holistic analytical framework: Integrating predictive modelling and causal inference
State of the art: Current research in maritime energy efficiency often suffers from methodological fragmentation, where high- 

performance predictive models remain disconnected from formal causal inference methods (Liu et al., 2025b). This disciplinary 
divide limits the translation of predictive accuracy into actionable, evidence-based interventions, as predictive power does not equate 
to causal understanding (Cao et al., 2026a). The absence of a unified analytical framework that systematically connects prediction with 
causation restricts the development of holistic solutions for this complex system.

Solution: This study develops an integrated analytical framework that can establish a systematic progression from data processing 
to deep causal insight. Notably, it repurposes advanced machine learning algorithms from a purely predictive capacity to serve as 
instrumental components within the causal inference workflow. The framework adopts a modular architecture, beginning with multi- 
source data fusion and rigorous feature selection to manage high-dimensional data. Subsequently, it employs ML techniques to inform 
the selection of candidate variables and to robustly control for confounding effects in the causal estimation stage. This integrated 
module is designed to first discover the causal structure, then quantify observed-covariate conditional effect patterns, and finally map 
the hierarchical influence of mechanisms. This systematic approach overcomes the limitations of single-method analyses and provides 
a standardised methodology for complex systems analysis.

C2. From correlation to causation: A two-stage causal inference module for robust policy guidance
State of the art: Research on SFC has traditionally relied on statistical correlation analysis, and to date, causal inference theory has 

not been systematically introduced into this field. Correlation-based approaches are widely used to examine the relationships between 
influencing factors and SFC, but they suffer from fundamental methodological limitations. Specifically, correlation analyses cannot 
distinguish true causal relationships from spurious associations, and findings derived from such methods are highly vulnerable to 
confounding by unobserved variables. This may result in the misattribution of causal mechanisms and systematic errors in estimating 
the effects of interventions (Li et al., 2024b). Consequently, policy recommendations based on correlation analysis often prove inef
fective or even counterproductive. This methodological gap severely limits the transition of ship energy efficiency management from 
experience-driven practices to scientifically grounded and precise decision making.

Solution: This study integrates causal inference theory into SFC analysis by developing a two-stage causal inference module 
embedded within a broader multi-phase analytical framework. This approach moves beyond traditional correlation-based methods 
toward causal reasoning in ship energy efficiency research. The term “two-stage” here refers specifically to the causal inference module 
(Contribution C2), while the overall methodology remains multi-phase, encompassing data fusion, feature selection, causal discovery, 
effect estimation, and hierarchical mechanism mapping. The proposed causal inference module adopts a progressive two-stage design. 
In the first stage, the DirectLiNGAM algorithm is employed for data driven discovery of causal structures, enabling the automatic 
learning of directed acyclic graphs among variables without prior assumptions. In the second stage, DML is integrated with CF to 
construct the DML-CF model, which estimates observed-covariate conditional effect patterns of key operational factors. This module 
offers the first causally grounded basis for scientific decision making in ship energy efficiency management and marks a significant 
methodological advancement in this research field.

C3. From individual effects to holistic hierarchy: Mapping structural paths for strategic intervention
State of the art: While the quantification of individual causal effects represents a significant analytical advancement, this approach 

often yields a non-holistic understanding of the system, presenting a series of independent causal links in piecemeal without fully 
elucidating the underlying structure of their interdependencies (Cao et al., 2024). This perspective can obscure the critical distinction 
between foundational root drivers and intermediate mediating factors, treating all variables as independent intervention points. 
Consequently, it remains challenging to formulate strategic, multi-level interventions that target the most fundamental levers within 
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the complex SFC system.
Solution: To address this, the final phase of the analytical framework employs ISM as a structural organisation and interpretation 

tool rather than as an additional causal-identification method. It takes the estimated directed graph as its input and reorganises the 
retained directional-dependence relationships into hierarchical levels through reachability-based decomposition. This structural 
decomposition helps distinguish upstream variables, intermediate transmission variables and the final response variable within the 
estimated network, thereby providing an interpretable map for discussing possible propagation patterns and intervention priorities. 
Accordingly, the contribution of ISM in this study lies in improving the readability of the estimated causal structure, offering a strategic 
map that highlights the most effective prioritisation and intervention points for systemic optimisation in ship energy management.

3. Materials and methodology

3.1. The proposed framework

To address the prevalent limitations of conventional correlational studies in the maritime sector, this study establishes a novel, 
multi-phase analytical framework. Its primary innovation lies in the systematic integration of causal discovery, robust effect quan
tification, and hierarchical structural analysis into a single, cohesive workflow designed to transition from statistical association to a 
deep, mechanistic understanding of SFC.

The proposed framework, as illustrated in Fig. 1, proceeds through three logically connected phases. In the first phase, a robust 
empirical foundation is established through the fusion of multi-source heterogeneous data, including ship noon reports, Automatic 
Identification System (AIS) data, meteorological records, and oceanographic data. Subsequently, TopoRankFS is applied to construct a 
parsimonious main-analysis feature subset from the high-dimensional fused dataset. This step is necessary because the interpolation, 
spatial–temporal matching and direction conversion of meteorological, oceanographic and operational variables inevitably generate 
partially overlapping, noisy and redundant descriptors, particularly among wind-, wave-, current- and resistance-related variables. In 

Fig. 1. The proposed flowchart of this study.
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this study, TopoRankFS is used as a dimensionality-reduction and noise-filtering procedure for constructing the main analytical 
variable set, rather than as a method that guarantees causal sufficiency or proves that every possible confounder has been retained.

In the second phase, the retained feature subset is used to construct a mechanism-oriented directional-dependence network through 
DirectLiNGAM. Operating on a parsimonious subset improves the interpretability and numerical stability of causal discovery, but it 
does not replace domain knowledge or eliminate the possibility of excluded confounding variables. The DML-CF model is then applied 
to estimate the ATEs of selected operational variables on SFC, with confounding adjustment conducted using graph-derived observed- 
covariate adjustment sets constructed from the DirectLiNGAM-estimated DAG. Specifically, the adjustment procedure excludes de
scendants of each treatment variable, variables located on proper directed causal paths from the treatment to the outcome, and other 
graph-forbidden nodes, and then derives minimal and expanded adjustment specifications through d-separation checking in the proper 
back-door graph. Therefore, the subsequent causal estimates should be interpreted as conditional on the retained graph-derived 
observed adjustment sets rather than as unconditional causal effects under complete confounder preservation.

Finally, ISM is employed to hierarchically decompose the identified causal relationships. This final phase is crucial for transforming 
the complex, web-like causal network into an ordered, multi-level topology structure. This decomposition is essential for revealing the 
fundamental transmission pathways and distinguishing foundational root drivers from intermediate variables and final outcomes, 
thereby clarifying the structural levels within the influencing factor network.

3.2. Data sources and pre-processing

3.2.1. The research data
A robust and comprehensive dataset is fundamental to any data-driven investigation. This study addresses the limitations of relying 

on a single data source by constructing a fused dataset from multiple heterogeneous sources, thereby establishing a solid foundation for 
subsequent causal inference.

The initial dataset was systematically compiled from four distinct sources. Ship noon reports provided the core operational data, 
comprising 479 daily ship-operation records for one ocean-going bulk carrier between 14 January 2021 and 30 July 2024. In this 
study, the basic observational unit is therefore a daily ship-operation record rather than an independent voyage-level cross-sectional 
sample. Each record represents the vessel’s operational and environmental state over a noon-report reporting interval. These reports 
contain essential parameters such as SFC, sailing speed, draught, and loading conditions. While the analysis is focused on a single 
vessel, this approach ensures a high degree of data consistency and mitigates the fleet-level heterogeneity that often introduces 
confounding variables. It therefore provides a robust and standardized environment to validate the proposed causal inference module, 
with the vessel serving as a representative case for its class. To overcome the temporal resolution limitations and potential subjectivity 
of noon reports, high-frequency AIS data for the same period, comprising 162,036 valid track points, were integrated to supplement 
and validate navigational parameters with high-accuracy geospatial coordinates and timestamps (Luo et al., 2024; Wang et al., 2023a).

Furthermore, to comprehensively capture the vessel’s operating environment, high-quality external meteorological and oceano
graphic data were incorporated. The European Centre for Medium-Range Weather Forecasts (ECMWF) Reanalysis v5 (ERA5) dataset 
supplied high-resolution atmospheric and wave variables (Cai et al., 2024; Luo et al., 2023; Yan et al., 2024), while the Global Ocean 
Physics Analysis and Forecast (GOPAF) dataset provided key oceanographic variables (Ren et al., 2025). To ensure consistency, ab
solute wind and wave directions from the external datasets were converted to directions relative to the ship’s heading, following 
established methodologies in the field. This multi-source data fusion process yields a rich, high-dimensional dataset that accurately 
captures the complex interplay between ship operations and environmental conditions. Importantly, the fused dataset provides a 
consistent, time-aligned operational–environmental state representation, which is essential for subsequent causal discovery and causal 
effect estimation rather than correlation-only modelling. The specific data pre-processing and multi-source data fusion methods follow 
established approaches in the literature (Cai et al., 2024; Luo et al., 2023, 2024; Wang et al., 2023a; Yan et al., 2020; Yan et al., 2024). 
Detailed descriptions of feature variables are provided in Table A of Appendix A.

3.2.2. The feature selection procedures
Following the construction of a SFC dataset by integrating multi-source heterogeneous information, a key challenge arises: the high 

dimensionality of the feature space. This space contains numerous potential predictor variables, which may include noise, redundant 
information, and features with low correlation to the target variable, Main engine fuel consumption (Carrasco et al., 2025). Directly 
incorporating all original features into the modelling process poses two major issues. On the one hand, it can cause a substantial 
increase in computational complexity and dimensionality problems, which impair the generalisation and stability of the predictive 
model. On the other hand, irrelevant and redundant variables can significantly hinder the accurate identification of core drivers of SFC, 
diminishing model interpretability and affecting the validity of subsequent causal inference (Islam et al., 2025). In the SFC context, 
high dimensionality is not only a predictive challenge but also a causal one, because redundant or weakly relevant variables may 
inflate confounding adjustment noise and obscure truly operationally actionable drivers (Feng et al., 2024). Therefore, feature se
lection here is designed to support both robust prediction and reliable causal identification in the subsequent stages (Feng et al., 2024).

To address the challenge of high dimensionality inherent in the fused dataset, a rigorous feature selection strategy is essential. 
Based on the three-weight LeaderRank (3-WLR) algorithm (Feng et al., 2024), a method whose foundational principles have been 
validated on maritime datasets, this study proposes a Topological Rank Feature Selection (TopoRankFS) method, specifically tailored 
for SFC analysis. The adaptation involves two key modifications: (1) optimising the support and confidence thresholds of the asso
ciation rule mining component to the distributional properties of SFC data; and (2) modifying the weight configuration within the 3- 
WLR algorithm to more effectively capture SFC-specific influence patterns. Specifically, the original 3-WLR algorithm integrates 
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association-rule strength information through three complementary metrics (support, confidence, and lift) to construct weighted, 
directed relationships for subsequent network-based ranking. However, SFC determinants often exhibit strong oper
ational–environmental coupling and nonlinear interaction effects, meaning that rules with high support may simply reflect “routine 
operating regimes” rather than genuinely influential mechanisms. To mitigate this issue, TopoRankFS rebalances the weight config
uration to place greater emphasis on confidence and lift, which better characterise (i) directional dependence and (ii) non-trivial 
synergistic associations beyond marginal prevalence, respectively, while comparatively down-weighting support to avoid domi
nance by ubiquitous but weakly informative patterns (Agrawal et al., 1993; Feng et al., 2024). The resulting influence network is better 
optimised to highlight SFC-relevant transmission structures and boundary-sensitive drivers, thereby improving the interpretability and 
causal suitability of the retained feature subset. Through these optimisations, the TopoRankFS method systematically identifies and 
ranks a parsimonious set of core variables, providing a robust and focused data foundation for the subsequent causal inference analysis.

It should be emphasised that feature selection before causal modelling is a pragmatic response to the high dimensionality, 
redundancy and noise introduced by multi-source data fusion, but it is not equivalent to proving causal sufficiency. Predictive rele
vance, topological relevance and confounding relevance are not identical. A variable with weak marginal predictive contribution may 
still act as a confounder if it jointly affects a treatment variable and SFC. Therefore, TopoRankFS is used here to construct a parsi
monious main-analysis feature subset, rather than to guarantee the preservation of all possible confounders. The retained subset 
provides an interpretable and computationally stable basis for subsequent DirectLiNGAM and DML-CF modelling, while the resulting 
causal estimates are interpreted as conditional on the observed covariates retained after feature selection.

3.2.3. Observational unit, temporal alignment and temporal-dependence considerations
Given the sequential nature of ship operation data, the observational unit and temporal alignment procedure are explicitly clarified 

in this study. The basic observational unit is a daily ship-operation record for the studied bulk carrier, rather than a vessel-level cross- 
sectional sample. Each observation corresponds to one noon-report reporting interval and represents the vessel’s daily operational 
state, including variables such as daily sailing hours, daily sailing distance, ship course, main engine RPM, and main engine fuel 
consumption. Therefore, the 479 records used in this study should be interpreted as repeated daily operational records collected from 
the same vessel over the study period, not as 479 mutually independent vessels or independent voyage-level samples.

The noon report was used as the reference temporal scale for data integration because the outcome variable, main engine fuel 
consumption, and several key operational variables were recorded at the daily reporting level. High-frequency AIS data were first 
matched to the same vessel and then aggregated or summarised within the corresponding noon-report interval to derive daily navi
gational descriptors, including position-, speed-, course-, and draught-related information. ERA5 and GOPAF variables were then 
spatially and temporally matched to the AIS-derived vessel positions and the corresponding reporting interval, so that meteorological 
and oceanographic information was represented at the same daily operational scale. Through this procedure, the fused dataset pro
vides a time-aligned daily operational–environmental state representation for subsequent feature selection and causal analysis.

It should be acknowledged that repeated daily observations from the same vessel are not fully independent in a strict statistical 
sense. Consecutive records may share persistent voyage-level and vessel-specific conditions, such as route planning, loading practice, 
hull condition, maintenance status, and weather persistence. This study therefore does not interpret the dataset as an independent 
cross-sectional panel of different ships. Instead, it treats the data as a longitudinal operational record of a single vessel and focuses on 
dominant daily-scale directional dependencies among time-aligned variables. The use of one vessel helps reduce fleet-level hetero
geneity caused by differences in hull form, engine configuration, ship age, and management practice, but temporal dependence within 
the vessel’s operational sequence may still remain.

Accordingly, the causal relationships inferred in this study should be interpreted at the daily operational scale. They do not 
represent second-level or real-time mechanical feedback between ship systems. Rather, they describe dominant directional de
pendencies among daily operational, navigational, meteorological, and oceanographic variables after temporal alignment to the noon- 
report scale.

3.3. Causal inference modelling

Following the preparation of the high-dimensional dataset and the identification of key variables, the analytical focus shifts from 
correlational analysis to the formal identification and quantification of causal relationships. The module integrates two core com
ponents: directed graph-based causal discovery and observed-covariate conditional effect estimation, providing exploratory structural 
evidence and quantitative support for ship energy-efficiency analysis.

3.3.1. Causal graphs discovery based on DirectLiNGAM
To overcome the limitation of traditional ML models that cannot identify directional causality among variables, this study employs 

the DirectLiNGAM algorithm to construct an initial causal map. This specific algorithm was chosen over other causal discovery 
families, such as constraint-based methods or score-based methods, for several compelling reasons. First, this algorithm is based on the 
assumption of non-Gaussian distributions and the principle of independent component analysis, enabling it to infer causal orderings 
without relying on prior knowledge (Kotoku et al., 2020; Leyder et al., 2024). Unlike many conventional causal discovery methods that 
rely on conditional independence tests, DirectLiNGAM does not assume Gaussian-distributed variables and is thus better suited to the 
asymmetric distribution patterns commonly observed in ship operation data. For example, the variable Daily sailing hours is naturally 
bounded between 0 and 24 h and commonly exhibits a skewed distribution in operational datasets, with observations tending to cluster 
near 24 h during sea-passage days, while lower values arise from port stays and manoeuvring periods. This bounded, asymmetric 
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pattern is distinctly non-Gaussian, which further supports the use of DirectLiNGAM for causal ordering and structure discovery in the 
SFC setting.

Secondly, and most critically for the integrated module, DirectLiNGAM produces a fully specified Directed Acyclic Graph (DAG). 
This output is not merely a list of relationships; it provides the essential causal architecture that dictates the subsequent analytical 
steps. The DirectLiNGAM algorithm establishes causal ordering through iterative identification of the most exogenous variable, the 
“root cause” in the system. Unlike methods relying on simple correlations, it assesses statistical independence between candidate 
variables and the regression residuals of others (Shimizu et al., 2011). A variable is identified as exogenous if it is independent of the 
residuals of all other variables, indicating it is not caused by them. Once the most exogenous variable is identified, its influence is 
mathematically removed from the remaining dataset, and the process is repeated to find the next variable in the causal sequence. This 
stepwise “peeling” process continues until a complete causal order is determined. With the directed acyclic structure established, the 
strength of each causal link is quantified through a series of linear regressions, yielding a fully specified causal network that maps the 
pathways of influence on SFC.

Finally, the resulting DAG is pivotal to the entire analytical framework: it provides the data-driven basis for selecting the observed 
covariates to be adjusted in the subsequent DML-CF analysis and motivates the final application of ISM for hierarchical decomposition 
and interpretation. Nevertheless, this study does not treat the estimated DirectLiNGAM graph as definitive causal proof. To address the 
identification assumptions more explicitly, additional diagnostic checks were conducted for non-Gaussianity, acyclicity, linearity 
approximation, residual independence, temporal residual dependence and bootstrap edge stability. The detailed DirectLiNGAM 
diagnostic results are reported in Appendix C. These checks are used to evaluate the compatibility between the DirectLiNGAM as
sumptions and the present daily ship-operation dataset, rather than to claim complete causal identification under all possible data- 
generating mechanisms.

3.3.2. Causal Forest-based Double Machine Learning
Building upon the causal network constructed via the DirectLiNGAM algorithm, the analysis transitions from structural identifi

cation to the quantitative estimation of causal effects. A crucial preliminary step in this quantification stage is the principled selection 
of the key operational parameters to be designated as treatment variables. This selection is guided by a dual-criteria framework 
requiring both high controllability in maritime operations and significant predictive influence on SFC. To rigorously assess the latter, 
this study employs SHapley Additive exPlanations (SHAP). The choice of SHAP is justified by its strong theoretical underpinnings in 
cooperative game theory, which provides a consistent and reliable method for quantifying a feature's global importance by considering 
its marginal contribution across all possible feature combinations. This robust approach ensures that the subsequent causal analysis is 
focused on variables that are both operationally relevant and empirically significant (Cao et al., 2026a).

To address the limitations of traditional regression methods in controlling confounders and modelling non-linear relationships, this 
study proposes a DML-CF model to estimate the ATE of key variables. This method integrates the orthogonalisation strategy of DML 
with the nonparametric estimation framework of CF, enabling robust quantification of causal effects while effectively mitigating 
potential confounding bias.

Before implementing the DML-CF estimation, the adjustment set for each treatment variable was formally derived from the 
DirectLiNGAM-estimated DAG. Depending on the graph structure, direct parents may include variables that are not required for 
adjustment, while valid adjustment may require variables that block non-causal back-door paths without conditioning on mediators, 
descendants of the treatment or collider-related structures. Therefore, this study adopted a graph-derived adjustment procedure based 
on the generalised adjustment logic. For each treatment-outcome pair, the proper back-door graph was first constructed by removing 
the outgoing causal edges from the treatment variable. Candidate covariates were then restricted to observed variables in the retained 
feature subset, excluding the treatment, the outcome, descendants of the treatment, and variables located on proper directed causal 
paths from the treatment to Main engine fuel consumption. A minimal adjustment set was obtained through sequential pruning and d- 
separation checking. In addition, an expanded DAG-derived adjustment set was constructed by retaining theoretically relevant up
stream operational and environmental covariates that satisfied the graph-based exclusion rules. The detailed adjustment sets and 
robustness results are reported in Appendix E.

(1) Double Machine Learning method
DML is an effective method for estimating causal effects in high-dimensional data settings. Its core principle is to eliminate 

endogeneity bias caused by confounding variables through orthogonalisation (Hu and Xu, 2025). In this study, the treatment variable 
T is a continuous operational variable rather than a binary treatment indicator. Specifically, T denotes one of the four selected 
operational treatments, namely Daily sailing hours, Main engine RPM, Daily sailing distance or Ship course. The outcome variable Y 
denotes Main engine fuel consumption, and X denotes the graph-derived observed covariates used for the corresponding treatment- 
outcome pair. Therefore, the estimated effect should be interpreted as an original-unit marginal effect of a one-unit increase in T, 
rather than as a binary treated-control contrast, a discretised high-versus-low comparison, or a standardised effect. The DML estimates 
the ATE through the following steps:

Firstly, the continuous-treatment partially linear model is described by Eqs. (1) and (2): 

T = g0(X) +V (1) 

Y = Tθ0 +m0(X) +U (2) 

where g0(X) denotes the nuisance function for the continuous treatment model, and m0(X) denotes the nuisance function for the 
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outcome model. V and U represent residual components with zero mean after conditioning on the retained observed covariates, while 
θ0 is the target continuous-treatment effect parameter. In this formulation, θ0 represents the average partial effect of a one-unit in
crease in T on Y, conditional on X.

Secondly, DML addresses confounding from observed covariates through the following three key steps:
Step 1: Nuisance function specification and estimation.
In the DML, the population nuisance functions are defined as shown in Eqs. (3) and (4): 

g0(X) = E[T|X] (3) 

m0(X) = E[Y|X] (4) 

Since g0( ⋅ ) and m0( ⋅ ) are unknown in practice, they are estimated from the observed sample to obtain ĝ(X) and m̂0(X), which are 
subsequently used for residualisation and ATE estimation. Here, g0(X) models the conditional expectation of the continuous treatment 
variable given the graph-derived observed covariates, while m0(X) models the conditional expectation of Main engine fuel con
sumption given the same covariates. Throughout, the “hat” notation indicates sample-based (data-driven) estimators of the corre
sponding population quantities and should not be interpreted as implying exact equality. Accordingly, Eqs. (3) and (4) define the 
population nuisance functions, whereas ĝ( ⋅ ) and m̂0( ⋅ ) are their data-driven (cross-fitted) estimators used in the subsequent resi
dualisation step.

Step 2: Computation of residuals.
Calculate the orthogonalised residuals of the treatment and outcome variables using Eqs. (5) and (6): 

T̃ = T − ĝ(X) (5) 

Ỹ = Y − m̂0(X) (6) 

This step removes the components of T and Y that can be explained by the retained graph-derived observed covariates. The 
resulting residualised treatment T̃ therefore represents the remaining variation in the continuous operational treatment after 
adjustment for X, while Ỹ represents the corresponding residual variation in Main engine fuel consumption.

Step 3: Estimation of the ATE.
Treatment effects were estimated using orthogonalised residuals, as illustrated in Eq. (7): 

θ̂DML =
E
[
T̃Ỹ

]

E
[
T̃

2] =

∑n

i=1
T̃iỸi

∑n

i=1
T̃

2
i

(7) 

where ̂θDML denotes the DML estimate of the continuous-treatment effect parameter ̂θ0 (Chernozhukov et al., 2018). In this study, ̂θDML 
is interpreted as the average change in Main engine fuel consumption associated with a one-unit increase in the corresponding 
treatment variable, after orthogonalisation with respect to the retained graph-derived observed covariates. Accordingly, the unit 
interpretation is tonnes per day per additional hour for Daily sailing hours, tonnes per day per additional r/min for Main engine RPM, 
tonnes per day per additional nautical mile for Daily sailing distance, and tonnes per day per additional degree for Ship course. This 
residualisation strategy reduces bias associated with the retained observed adjustment covariates and improves the robustness of effect 
estimation. However, it does not eliminate bias from unobserved confounders or from variables excluded during feature selection.

Finally, to prevent estimation bias caused by overfitting, DML employs a K-fold cross-fitting strategy (with K = 5 in this study) (Cao 
et al., 2026a). The dataset is divided into K non-overlapping subsets; for each subset, the prediction model is trained on the remaining 
K − 1 subsets, residuals are computed, and the local treatment effect is estimated. The K local estimates are then combined to produce 
the final ATE estimate.

In this study, LASSO regression was employed to implement predictive models ̂g(X) and m̂(X). Its selection is justified by its efficacy 
in high-dimensional settings, where its L1 regularisation concurrently performs variable selection and prevents overfitting, thereby 
producing a parsimonious yet robust predictive model (Chernozhukov et al., 2018). This enables automated variable selection and 
helps capture potential non-linear relationships between confounding variables and treatment or outcome variables (Fang et al., 
2025). The objective function of LASSO regression is shown in Eq. (8): 

β̂LASSO = argmin
β

{
1
n
∑n

i=1

(
yi − xT

i β
)2

+ λ
∑p

j=1

⃒
⃒βj

⃒
⃒

}

(8) 

where xi ∈ Rp denotes the p− dimensional confounder vector for observation i, i.e., the i-th row of the design matrix X, xi is the i-th row 
vector of X, yi denotes the dependent variable in the corresponding nuisance model, i.e., T for estimating ĝ( ⋅ ) and Y for estimating 
m̂0(X), n is the number of observations used to fit the nuisance model, p is the number of confounders, β ∈ Rp is the coefficient vector, βj 

is its j-th element, and λ is a regularisation parameter determined via cross-validation, balancing model complexity and goodness of fit.
(2) Causal forest method
CF is a variant of Random Forest specifically developed to estimate heterogeneous treatment effects by recursively partitioning the 
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covariate space into subgroups with different effect patterns (Wang et al., 2025c). In this study, because T is a continuous operational 
variable, the CF component is used to estimate heterogeneous marginal effects rather than binary treated-control differences. Spe
cifically, CF estimates the Conditional ATE (CATE) through the following steps:

Step 1: Data partitioning and tree generation.
For each decision tree, training samples are drawn from the original dataset with replacement, and a random subset of covariates is 

selected. The tree construction recursively partitions the covariate space so that observations with similar operational-environmental 
profiles are grouped into the same terminal leaf. In this study, the splitting criterion is used to identify subgroups in which the marginal 
effect of the continuous treatment T on the outcome Y may differ. This enables the model to capture heterogeneous fuel-consumption 
responses under different combinations of operational and environmental conditions.

Step 2: Estimation of the CATE.
For a given covariate vector X, the CATE is defined as the conditional marginal effect of the continuous treatment variable on the 

outcome. The corresponding equations are presented as Eq. (9): 

τ(X) = ∂E[Y|T = t,X]
∂t

(9) 

where τ(X) represents the expected change in Main engine fuel consumption associated with a one-unit increase in T for observations 
with covariate profile X. This definition is different from a binary-treatment CATE, because it does not compare T = 1 with T = 0. 
Instead, it quantifies the local marginal response of Y to a small unit change in the continuous operational treatment.

The CATE estimated by the b-th tree is denoted by ̂τb(X), and the forest-level estimate is obtained by averaging across all trees. The 
corresponding equations are presented as Eq. (10): 

τ̂(X) = 1
B
∑B

b=1

τ̂b(X) (10) 

where B denotes the number of trees in the forest.
Step 3: Calculation of the ATE.
The overall ATE was obtained by averaging the CATE estimates for all samples, as illustrated in Eq. (11): 

τ̂ATE =
1
n
∑n

i=1
τ̂(Xi) (11) 

where τ̂ATE is the sample-average continuous-treatment effect. For consistency with causal-machine-learning terminology, this 
quantity is still reported as an ATE in the empirical results. However, its interpretation is explicitly continuous and original-unit based.

(3) Procedure for the hybrid DML-CF model
To further enhance the robustness of causal effect estimation and effectively identify potential effect heterogeneity, this study 

constructs a hybrid analysis module that integrates DML and CF methods. This DML-CF model fully integrates the orthogonalisation 
processing advantages of DML in bias control with the modelling capabilities of CF in portraying individualised treatment effects, and 
the integrated modelling is achieved through the following steps:

Step 1: Data partitioning.
In the DML-CF implementation, standard five-fold cross-fitting was employed to reduce overfitting in the estimation of nuisance 

functions. The folds were used to ensure that the residuals for each held-out subset were obtained from models trained on the 
remaining data, thereby improving the robustness of causal effect estimation. However, because the available dataset is a longitudinal 
operational record from a single vessel, this standard cross-fitting procedure should not be interpreted as fully removing temporal 
dependence among adjacent daily observations.

Step 2: Orthogonal processing.
For each subset Hk, train the LASSO regression model using all other subsets except Hk to predict the continuous treatment variable 

T and the outcome variable Y, respectively, based on the graph-derived observed covariates X. The residualised continuous treatment 
T̃k and residualised outcome Ỹk are then computed for subset Hk.

Step 3: CF construction.

Based on the full residuals 
{

T̃i, Ỹi

}n

i=1 
and the graph-derived observed covariates X, the CF model is trained to estimate the het

erogeneous marginal effect function τ(X) defined in Eq. (9) for the continuous treatment variable T.
Step 4: ATE estimation and uncertainty assessment.
To assess the uncertainty of the ATE estimates, this study employed temporal block-bootstrap resampling with 300 successful 

replications to construct empirical 95% confidence intervals and visualise the probability density distributions of the estimates. 
Compared with ordinary independent and identically distributed (IID) bootstrap resampling, temporal block-bootstrap resampling 
partially preserves local dependence among adjacent daily observations by resampling consecutive blocks of records (Huang et al., 
2024). This procedure therefore provides a more conservative uncertainty diagnostic for the temporally ordered single-vessel oper
ational dataset.

In addition to temporal block-bootstrap uncertainty assessment, this study further conducted leave-one-covariate-out sensitivity 
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analysis and permutation placebo tests for the DML-CF estimates under the expanded DAG-derived adjustment specification. These 
supplementary diagnostics are reported in Appendix D. They are used to examine whether the estimated ATEs are sensitive to indi
vidual adjustment covariates and distinguishable from random placebo effects. Given the repeated daily observations from a single 
vessel and the possibility of unobserved operational confounding, these diagnostics are interpreted as robustness and sensitivity ev
idence rather than as proof of complete causal identification.

3.4. Hierarchical structural analysis based on ISM

To further elucidate the structural dependencies and transmission mechanisms among variables in the SFC system, this study 
employs ISM to hierarchically decompose the initial causal diagrams generated by DirectLiNGAM. ISM is a systematic engineering 
method that transforms the elements and relationships within a complex system into a clear multi-level structural model, facilitating 
the transition from relationship identification to structured understanding (Cao et al., 2024; Wang et al., 2025d).

The implementation of ISM begins by converting the directed causal graph into an adjacency matrix, which represents the direct 
relationships between variables (Cao et al., 2024). Through a process of Boolean matrix multiplication, this initial matrix is evolved 
into a “reachability matrix” (Cao et al., 2024). This crucial step systematically identifies not only the direct connections but also all 
indirect, transitive pathways within the network, thereby capturing the complete relational structure of the system. The reachability 

Fig. 2. Final TopoRankFS feature ranking and regression performance. Note: The red point on the R2 value curve (top right) indicates the maximum 
coefficient of determination achieved. The vertical red dashed line in the feature importance distribution plot (bottom) marks the selected cutoff 
point of 22 features, corresponding to the identified “elbow” where the marginal importance of additional features diminishes.
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matrix then serves as the basis for an iterative partitioning process. By analysing the “reachable set” (all variables influenced by a given 
variable) and the “antecedent set” (all variables that influence it), the algorithm stratifies all factors into distinct hierarchical levels 
(Wang et al., 2025d). Specifically, level partitioning is performed iteratively using two sets derived from the reachability matrix: (1) 
the reachability set, which contains the variable itself and all variables it can influence through direct or indirect paths; and (2) the 
antecedent set, which contains the variable itself and all variables that can influence it. At each iteration, a variable is assigned to the 
current level when the set of variables it can reach is fully contained within the variables that can reach it, meaning that it does not act 
as an upstream driver for any remaining variable outside this shared set. After assigning a level, the corresponding variables are 
removed and the same procedure is repeated on the reduced system until all variables are allocated to a level. For consistency with the 
causal interpretation adopted in this study, the resulting levels are reported in Section 4.4 as L1 (root drivers with strongest causal 
dominance) through L4 (final outcome variable), in line with established ISM-based hierarchy analyses in maritime systems (Cao et al., 
2024; Wang et al., 2025d; Wang et al., 2026). This structured decomposition transforms the initially complex network into an ordered, 
multi-level topology structure, which explicitly reveals the propagation pathways of influence from foundational root drivers to the 
final system outcome.

4. Results and discussion

This section presents the empirical results obtained from the multi-phase analytical framework detailed in the methodology sec
tion. The analysis begins with systematic feature selection to establish a robust and parsimonious dataset, identifying the most 
influential predictors of SFC from the high-dimensional dataset. Building upon this optimised feature set, the investigation proceeds 
sequentially through the core stages of causal inference. First, a multi-dimensional causal network constructed using the DirectLiN
GAM algorithm, which identifies the directed causal relationships among the key variables influencing SFC. Second, the ATEs esti
mated via the DML-CF model are detailed, providing a quantitative assessment of the causal impacts of critical operational parameters. 
Finally, the DirectLiNGAM-derived graph is reorganised using ISM to provide a hierarchical structural representation, which helps 
interpret the relative upstream, intermediate and downstream positions of the retained variables within the estimated directional- 
dependence network.

Fig. 3. Causal graph constructed by DirectLiNGAM.
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4.1. The feature selection result based on TopoRankFS method

To ensure the accuracy and generalization capability of the prediction model, the initial feature set was systematically screened 
using the TopoRankFS method. Fig. 2 illustrates the complete feature selection process and results. The average TopoRankFS scores 
indicate that Daily sailing hours, Main engine revolutions per minute (RPM), and Draught are the most influential variables for 
predicting SFC. An analysis of the trade-off between model performance and complexity reveals that the coefficient of determination 
reaches its maximum when the feature count is 22. The logarithmic-scale feature importance distribution curve exhibits a distinct 
elbow point at the 22nd feature, suggesting that these features capture the core information within the dataset, while the marginal 
contribution of subsequent features declines sharply. Consequently, the first 22 features were selected as the optimal subset, effectively 
reducing model complexity without significantly compromising prediction accuracy, and providing a solid data foundation for sub
sequent analyses.

The selection of 22 variables should be interpreted as the construction of a parsimonious main-analysis subset rather than as 
evidence that all possible confounders have been retained. This distinction is particularly important in this study because the fused 
dataset integrates noon-report variables, AIS-derived variables, ERA5 meteorological and wave variables, and GOPAF oceanographic 
variables. During spatial–temporal interpolation and matching, several environmental descriptors may contain overlapping physical 
information, for example among wind speed, wave height, wave period, current speed and derived resistance-related variables. 
Retaining all weakly informative and highly collinear variables would increase the complexity and instability of DirectLiNGAM-based 
causal discovery, especially under the limited sample size of daily ship-operation records. Accordingly, TopoRankFS was used to 
remove redundant information and preserve the most informative operational-environmental representation for the main analysis. 
However, because feature selection based on predictive or topological relevance cannot itself prove causal sufficiency, the subsequent 
DirectLiNGAM, DML-CF and ISM results are interpreted as observed-covariate conditional findings rather than as unconditional causal 
effects under complete confounder preservation.

4.2. The causal graph constructed based on DirectLiNGAM

To uncover the underlying causal mechanisms of SFC, the DirectLiNGAM algorithm is applied to construct a multi-dimensional 
causal network structure, as illustrated in Fig. 3. Based on the assumptions of non-Gaussian distributions and conditional indepen
dence, the algorithm identifies causal sequences by maximizing the statistical independence of variables. This enables the inference of 
complex directed dependencies in ship operation data without requiring prior knowledge (Leyder et al., 2024). The resulting causal 
network exhibits a highly intricate topology, explicitly positioning Main engine fuel consumption as the core influenced variable, 
which is influenced through multiple causal pathways. Structurally, the direction of arrows in the graph denotes potential causal flows, 
while the density of connections between nodes reflects the complexity of interactions among variables. The network also reveals 
several critical intermediary hubs, such as “Overall average speed” and “Combined significant wave height”. These nodes are pivotal as 
they are themselves heavily influenced by numerous upstream factors while simultaneously propagating these combined effects 
downstream, ultimately converging on the main engine fuel consumption.

Fig. 3 visualises the inferred directional-dependence network among the ship’s operational variables, highlighting both the key 
factors directly linked to main engine fuel consumption and the complex interdependencies among these variables. The arrows in Fig. 3
should be interpreted as data-driven directional dependencies inferred from time-aligned daily operational records, rather than 
instantaneous physical control relationships. Given the daily temporal resolution of the dataset, the causal interpretation is restricted 
to dominant daily-scale operational mechanisms. Specifically, Main engine RPM, Daily average speed, and Daily sailing hours form a 
direct influencing path to SFC. In addition, combined significant wave height indirectly affects Total wave speed by influencing the 
Wave-induced resistance coefficient and Surface roughness prediction, ultimately impacting fuel efficiency. Environmental parameters 
such as 10 m wind speed, Atmospheric temperature, Mean wave period, and Mean swell period constitute a network of external 
conditions that affect the ship's sailing state. Together with ship-specific parameters, such as Draught and Ship course, these factors 
influence Overall average speed and Daily average speed. Regarding causal pathways, a strong link is observed among Daily sailing 
hours, Daily sailing distance, and Total sailing distance, which aligns with the physical principles and operational logic of maritime 
transport. Notably, Fig. 3 shows an inferred directional association between Relative swell direction angle and Total sailing distance, 
suggesting that route planning may need to account for the influence of sea state on navigational efficiency. This multi-level, multi- 
path directional structure is consistent with the theory proposed by Guo et al. (2022), which posits that SFC is influenced by the 
coupling of multiple factors. By identifying these critical daily-scale pathways, this study provides a structured basis for interpreting 
the operational mechanisms associated with SFC and for informing targeted energy-saving, emission-reduction, and voyage- 
optimisation strategies.

4.3. The causal inference analysis based on DML-CF

Building on the constructed causal network, the DML-CF model is employed to quantitatively estimate the ATE of key variables. 
The selection of treatment variables follows two primary criteria: (1) high controllability in practical shipping operations, and (2) 
significant predictive influence, as quantified by the SHAP feature importance analysis (As shown in Appendix B). Here, “controlla
bility” refers to the extent to which a variable can be intentionally and routinely adjusted by shipboard personnel or shore-based 
managers during voyage execution, e.g., via propulsion setting and route/heading decisions, without requiring structural retrofits 
or redesign. This definition is consistent with the operational energy-efficiency measures highlighted in the SEEMP framework (Li 
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et al., 2025). Moreover, to remain fully consistent with Phase I, candidate treatment variables were restricted to the 22 features 
retained after TopoRankFS (i.e., these above the critical threshold in the feature-selection results). The final interventions were chosen 
from this subset. Consequently, Daily sailing hours, Main engine RPM, Daily sailing distance, and Ship course are selected as the core 
treatment variables for causal effect estimation. Because these four treatment variables are continuous operational variables, the 
reported ATEs are interpreted as original-unit marginal effects. Specifically, they represent the expected change in Main engine fuel 
consumption associated with a one-unit increase in the corresponding treatment variable, conditional on the retained graph-derived 
observed adjustment covariates. They do not represent binary treated-control comparisons, discretised high-versus-low contrasts, or 
standardised effects. By contrast, exogenous meteorological and oceanographic variables within the retained feature set (e.g., wind 
and wave descriptors, atmospheric temperature) are not directly controllable by operators and are therefore treated as contextual or 
confounding covariates rather than intervention targets. These variables are chosen not only for their statistically significant 
explanatory power regarding SFC, but also for their potential to be adjusted through operational interventions or optimisation stra
tegies to effectively reduce fuel use. For each treatment variable, the DirectLiNGAM-estimated DAG in Fig. 3 was used to construct the 
corresponding proper back-door graph. Variables located on proper directed causal paths from the treatment to Main engine fuel 
consumption, descendants of the treatment, the treatment itself and the outcome variable were excluded from the adjustment can
didates. The remaining observed variables were then screened using d-separation checking to derive the minimal DAG-derived 
adjustment set. To provide a more conservative reporting and robustness specification, an expanded DAG-derived adjustment set 
was also constructed by retaining theoretically relevant upstream operational and environmental covariates that satisfied the graph- 
based exclusion rules. The resulting adjustment sets are reported in Table E1 of Appendix E. Accordingly, the DML-CF estimates re
ported in this section should be interpreted as conditional effect estimates under the retained graph-derived observed adjustment sets, 
rather than as definitive causal effects under complete confounder control.

The DML-CF model was re-estimated under the expanded DAG-derived adjustment specification. This specification was selected as 
the main reporting specification because it retains theoretically relevant upstream operational-environmental information while 
avoiding adjustment for treatment descendants, pathway mediators and graph-forbidden variables. In this setting, the DML-CF model 

Fig. 4. Temporal block-bootstrap distributions of continuous-treatment DML-CF ATE estimates under the expanded DAG-derived adjustment 
specification. Note: The shaded areas represent the empirical 95% confidence intervals, and the vertical solid lines indicate the bootstrap mean 
estimates. The horizontal axis denotes the original-unit marginal effect of each continuous treatment variable on main engine fuel consumption. The 
corresponding units are tonnes per day per additional hour for Daily sailing hours, tonnes per day per additional r/min for Main engine RPM, tonnes 
per day per additional nautical mile for Daily sailing distance, and tonnes per day per additional degree for Ship course. Temporal block-bootstrap 
resampling was conducted with 300 successful replications.
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still follows a two-stage orthogonalisation logic. In the first stage, LASSO regression is used to estimate the nuisance relationships 
between the treatment variable, Main engine fuel consumption and the graph-derived adjustment covariates. The resulting resi
dualised components reduce the influence of the retained observed confounders. In the second stage, the non-parametric CF is applied 
to model the conditional distribution of individual treatment effects, from which the ATE is obtained by averaging the individual-level 
effect estimates.

Considering that the dataset consists of repeated daily observations from a single vessel, temporal block-bootstrap resampling was 
further used to assess the uncertainty of the estimated ATEs. Unlike ordinary IID bootstrap resampling, temporal block-bootstrap 
resampling preserves short consecutive blocks of observations and therefore partially retains local temporal dependence among 
adjacent daily ship-operation records. Fig. 4 presents the resulting temporal block-bootstrap distributions of the ATE estimates under 
the expanded DAG-derived adjustment specification. The shaded intervals indicate the empirical 95% confidence intervals, while the 
vertical solid lines denote the bootstrap mean estimates. Consistent with the use of bootstrap-based uncertainty diagnostics in causal 
machine-learning analysis, the shape of each density distribution provides an intuitive indication of estimation stability: a narrow and 
concentrated density suggests lower resampling variability, whereas a broader distribution indicates greater uncertainty under 
temporal resampling (Huang et al., 2024). These results should therefore be interpreted as conditional effect estimates under the 
retained graph-derived observed-covariate adjustment sets, rather than as definitive intervention effects under complete confounder 
control.

The specific results indicate that Daily sailing hours remains the most influential operational-exposure variable. As shown in Fig. 4
(a), its expanded DAG-adjusted ATE is 2.0577, with a temporal block-bootstrap 95% confidence interval of [1.8723, 2.2152]. The 
distribution is relatively concentrated and entirely located above zero, suggesting that the positive association between sailing 
duration and Main engine fuel consumption is stable after graph-derived adjustment and temporal resampling. From an operational 
perspective, this result is consistent with voyage-based fuel consumption studies showing that sailing time is closely related to 
accumulated fuel use during ship operation (Le et al., 2020). As a time-exposure variable, Daily sailing hours reflects the duration over 
which the propulsion system remains in active operation, and its cumulative effect on energy use is also consistent with real-time ship 
energy-consumption and emission monitoring evidence (Yeh et al., 2022). However, the estimated value should be understood as a 
conditional effect under the retained observed covariates, rather than as a universal mechanical fuel-saving coefficient.

For Main engine RPM, Fig. 4(b) shows a positive point estimate but substantially greater uncertainty. The expanded DAG-adjusted 
ATE is 0.2681, with a temporal block-bootstrap 95% confidence interval of [-0.2461, 0.7936]. Compared with Daily sailing hours, the 
distribution is wider and crosses zero, indicating that the propulsion-speed-related effect is more sensitive to temporal resampling and 
adjustment specification. This uncertainty is plausible in the SFC context because Main engine RPM is not determined independently; it 
is jointly shaped by required sailing speed, sea state, voyage planning, engine load, safety constraints and schedule pressure. From an 
engineering perspective, the positive point estimate remains consistent with the general expectation that increased propulsion demand 
tends to increase fuel use (Işıklı et al., 2020). It is also compatible with thermodynamic analyses of marine diesel engines, where engine 
load and operating state affect fuel efficiency and energy conversion performance (Yao et al., 2019; Zhu et al., 2020).

Daily sailing distance also shows a stable positive effect, although its unit effect magnitude is much smaller than that of Daily sailing 
hours. As shown in Fig. 4(c), the expanded DAG-adjusted ATE is 0.0344, with a temporal block-bootstrap 95% confidence interval of 
[0.0233, 0.0514]. The confidence interval remains above zero, indicating that the distance-related effect is comparatively robust under 
this adjustment strategy. This finding is reasonable because Daily sailing distance represents the spatial dimension of daily operational 
exposure. After adjusting for relevant upstream operational-environmental covariates, each additional nautical mile is associated with 
a modest increase in Main engine fuel consumption. The smaller unit effect does not imply practical irrelevance, because daily sailing 
distance can accumulate substantially over long voyages. Rather, it indicates that the marginal contribution of distance is more 
moderate once sailing time, speed-related variables and environmental conditions are considered. This interpretation is consistent 
with the physical relationship between ship speed, power and fuel consumption, while also recognising that regression-based in
terpretations of distance, speed and fuel use require caution when these variables are mechanically coupled (Psaraftis and 
Lagouvardou, 2023).

For Ship course, Fig. 4(d) reports a very small effect magnitude. The expanded DAG-adjusted ATE is 0.0017, with a temporal block- 
bootstrap 95% confidence interval of [-0.0003, 0.0037]. Although the distribution is relatively concentrated, the confidence interval is 
close to zero and slightly crosses zero, suggesting limited statistical stability and weak practical magnitude. This result is consistent 
with the role of Ship course as a heading-related operational variable. Changes in course may influence fuel consumption through the 
relative angle between the vessel and wind, waves or currents, but this influence is indirect and strongly dependent on the surrounding 
environmental field and route-planning constraints. From a hydrodynamic perspective, variations in heading may alter wind resis
tance and the interaction between hull motion and environmental loads (Grlj et al., 2023), while ship–environment and ship–ship 
interaction studies further show that directional and hydrodynamic effects can be highly context dependent (Zhou et al., 2023). 
Therefore, Ship course should be treated as a contextual and heading-related operational factor rather than as a dominant independent 
driver of SFC.

By systematically comparing the four treatment variables, the DML-CF results show a clearer and more cautious effect pattern than 
the original analysis. Daily sailing hours exhibits the strongest and most stable positive conditional effect, while Daily sailing distance 
shows a smaller but robust positive effect. In contrast, Main engine RPM retains a positive point estimate but shows greater uncertainty 
under temporal block-bootstrap resampling, and Ship course exhibits only a weak and near-zero conditional effect. These findings 
suggest that time- and distance-related operational exposure variables provide more stable evidence for energy-management inter
vention than propulsion-speed and heading variables under the expanded DAG-derived adjustment specification. This pattern is also 
consistent with the operational reality of ship navigation, where sailing duration and travelled distance directly determine exposure to 
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fuel-consuming operation, whereas RPM and course are more strongly constrained by voyage planning, weather, safety requirements 
and navigational practice.

To further examine the robustness of these DML-CF estimates, additional sensitivity analyses were conducted and reported in 
Appendix D. The temporal block-bootstrap results assess whether the ATE estimates remain stable when local temporal dependence 
among adjacent daily observations is partially preserved. The leave-one-covariate-out analysis evaluates the influence of individual 
adjustment variables on the estimated effects. The permutation placebo tests further examine whether the observed ATEs are 
distinguishable from effects generated by randomly permuted treatment variables. These supplementary results provide additional 
support for the main effect patterns, while also indicating that the estimated ATEs should be interpreted as conditional on the retained 
observed covariates rather than as definitive intervention effects under complete confounder control.

4.4. The hierarchical analysis of causal relationships based on ISM

Building on the DirectLiNGAM-derived directional-dependence network in Section 4.2 and the DML-CF conditional effect estimates 
in Section 4.3, this section uses ISM to provide a hierarchical structural representation of the estimated network. This methodological 
step is crucial, as it transforms the network of causal relationships into an ordered, multi-level topology structure, thereby revealing the 
propagation of influence from foundational drivers to the final outcome. As illustrated in Fig. 5, the ISM method categorizes the 
influencing factors of SFC into four hierarchical levels (L1–L4). The assignment of variables to L1–L4 follows the iterative ISM par
titioning rule described in Section 3.4, based on the reachability and antecedent sets calculated from the reachability matrix. In brief, 
variables are placed closest to the outcome when their downstream influence does not extend beyond the variables that also influence 
them within the remaining system, and the procedure is repeated to progressively identify higher-level upstream drivers (Cao et al., 
2024). Accordingly, L4 contains the final outcome variable, whereas L1 contains the most upstream root drivers identified in the final 
iteration of the partitioning process (Wang et al., 2026). Nodes at each level are distinguished by different colours to construct a 

Fig. 5. ISM-based hierarchical structural representation of the DirectLiNGAM-derived network. Note: Different node colours represent distinct 
hierarchical levels identified by ISM. Blue nodes indicate upstream variables, orange and red nodes represent intermediate and proximal variables, 
respectively, and the green node indicates the final response variable, Main engine fuel consumption.
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comprehensive hierarchical topology.
As shown in Fig. 5, the ISM analysis categorizes the factors influencing SFC into four distinct levels. The blue nodes (L1 level) 

represent root drivers, including Daily sailing hours, Mean wave period, and Main engine RPM. These occupy the highest position in 
the graph, exerting initial influence on downstream variables without being constrained by other factors. The orange nodes (L2 level) 
correspond to intermediate transduction factors, such as 10 m wind speed, overall average speed, and Ship course, which are influ
enced by upstream drivers and transmit effects downstream. The red nodes (L3 level) indicate proximal factors near the response 
variable, including Daily sailing distance, Total sailing distance, and Significant swell wave height. Finally, the green node (L4 level) 
represents the final response variable, Main engine fuel consumption. Drivers at a higher level (L1) generally exhibit strong domi
nance, whereas lower-level factors show high dependence (Cao et al., 2024; Wang et al., 2025d). This pattern is well validated in the 
SFC system. Daily sailing hours, as a core driver in the L1 level, corresponds to the strongest expanded DAG-adjusted conditional effect 
estimate in Section 4.3 (ATE = 2.0577), confirming the critical role of temporal exposure in SFC variation under the retained observed 
adjustment set. Notably, the ISM hierarchical structure provides systematic cross-validation and theoretical complementarity to the 
causal inference results in Section 4.3. From a multi-method perspective, Daily sailing hours demonstrate remarkable consistency: it 
ranks highest in SHAP analyses, indicating the greatest marginal contribution to predictive accuracy; it exhibits the strongest statistical 
significance in ATE estimation; and it occupies the foundational driver position in the ISM hierarchy. This convergence across 
methodological dimensions collectively corroborates its consistently important role under the retained observed-covariate specifi
cation from the perspectives of predictive power, causal strength, and structural position. Similarly, Main engine RPM, another key L1 
variable, retains a positive point estimate under the expanded DAG-derived adjustment specification (ATE = 0.2681), although the 
temporal block-bootstrap interval indicates greater uncertainty. Its identification as a base-level driver in the ISM structure therefore 
supports its structural relevance, while its quantitative effect estimate should be interpreted cautiously. This multi-method cross- 
validation enhances the robustness of the findings and provides a multi-level integrated perspective for understanding the driving 
mechanisms of ship energy efficiency.

Among several candidate representative structural paths, this study selects the sequence “Daily sailing hours (L1) − Overall average 
speed (L2) − Daily sailing distance (L3) − Main engine fuel consumption (L4)” as a representative case. The selection of this pathway is 
predicated on its clear operational logic and its capacity to comprehensively illustrate the transmission of effects from a principal root 
driver (L1) through key intermediary variables to the final outcome (L4). This path is used to examine the cascading effect and its 
comprehensive impact on SFC. It effectively illustrates the transfer mechanism linking the time dimension, operational status, and 
sailing distance, serving as a critical bridge between the ship’s fundamental operational indicators and SFC response.

In this pathway, Daily sailing hours function as the top-level driver, reflecting the cumulative base time of a ship in daily operation. 
This indicator not only directly records the ship’s operating hours but also partially reflects fluctuations in the ship’s power system 
demand. Within this transmission process, Daily sailing hours act as a fundamental variable whose effect is amplified and accumulated 
through subsequent mediating variables. Overall average speed serves as a mediator, influenced by Daily sailing hours while directly 
reflecting the ship’s response to actual operating and subtle hydrodynamic conditions (Lang and Mao, 2020). Daily sailing distance 
operates as a key transfer node, translating operational status from the upper level into specific spatial change metrics. It represents an 
important measure of ship operational efficiency and indirectly indicates the resistance and loading conditions encountered during a 
voyage segment. As sailing distance increases, the complexity of managing energy consumption challenges also accumulates. Ulti
mately, these hierarchical transmission effects converge on Main engine fuel consumption. Through this cascade: from time, to speed, 
to distance, Main engine fuel consumption is affected both directly by Daily sailing hours and indirectly through the mediating 
variables of Overall average speed and Daily sailing distance. This path confirms the dual mechanism of sailing hours’ influence on 
SFC: a direct effect and an indirect effect via operating conditions and sailing distance. From a practical standpoint, identifying this 
structural pathway provides a theoretical foundation for hierarchical interventions in fuel efficiency management. Firstly, sailing time, 
as the initiating driver, can be optimised through rational ship scheduling and port stay management. Secondly, voyage speed, as a 
critical intermediary, may be dynamically adjusted via intelligent voyage speed planning systems. Finally, optimizing sailing distance 
requires integrating route planning with meteorological navigation techniques to achieve systematic SFC reduction.

In summary, this study presents a comprehensive causal deconstruction of the mechanisms influencing SFC by integrating 
DirectLiNGAM and DML-CF methods. Additionally, it employs the ISM to analyse the multi-level transmission mechanisms of influ
encing factors. DirectLiNGAM provides the estimated directional-dependence structure, DML-CF estimates observed-covariate con
ditional effect patterns, and ISM organises the inferred structure into hierarchical levels, revealing cascading effects from foundational 
drivers through mediators to the main engine’s fuel consumption. This framework confirms the dual role of Daily sailing hours, which 
exerts both a direct effect and an indirect influence via mediating variables. It also emphasises the critical regulatory roles of operating 
conditions and sailing distance in the accumulation of energy consumption. Consequently, this study provides a robust quantitative 
foundation and theoretical support for optimising ship energy efficiency and fuel management strategies. Its methodological rigor and 
innovation offer new practical avenues for future research in related fields.

5. Implications

This study constructs a multi-phase analytical framework to comprehensively investigate the mechanisms underlying SFC by 
integrating advanced ML methods with causal inference techniques. The framework combines rigorous data processing, statistical 
modelling, and causal analysis, offering a scientifically robust and methodologically sound foundation for SFC modelling. It also 
provides theoretical support and practical guidance for improving energy efficiency and promoting sustainable development in the 
shipping industry. The research findings hold significant methodological and practical value, which are reflected in the following 
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aspects:
Firstly, by constructing a fused dataset from multiple heterogeneous sources and applying feature selection techniques, this study 

addresses the limitations of relying on a single data source and establishes a solid foundation for subsequent causal inference. Building 
on this foundation, this study evaluates the predictive performance of nine ML models and identifies the most effective model for 
accurately predicting SFC. This systematic process involving data fusion, feature selection, and model optimisation not only improves 
predictive accuracy but also enhances the model’s capacity to generalize across complex and variable maritime conditions. Moreover, 
by providing a framework that moves beyond correlational accuracy to deliver causal insights, this study supports shipowners and 
operators in formulating data-driven sailing strategies and energy management plans, contributing to the reduction of both operational 
costs and carbon emission intensity.

Secondly, the directional relationships identified through DirectLiNGAM and the conditional effect estimates obtained from DML- 
CF provide graph-informed intervention targets and a conditional quantitative basis for optimising ship energy efficiency. By con
structing a multi-dimensional directional-dependence network, this study identifies key pathways associated with SFC and illustrates 
the complex interactions among environmental parameters, ship characteristics and operational variables. In particular, the condi
tional effects of Daily sailing hours, Main engine RPM, Daily sailing distance and Ship course are quantified under the expanded DAG- 
derived observed-covariate adjustment specification, rather than under an assumption of complete confounder control. These results 
indicate that, in real-world operating conditions, rational planning of sailing time and route execution appears to provide more stable 
energy-management leverage than treating propulsion setting or heading as isolated control variables. For instance, the conditional 
ATE estimate suggests that a one-hour reduction in Daily sailing hours is associated with an average reduction of approximately 2.06 
tonnes per day in Main engine fuel consumption under the retained graph-derived observed-covariate adjustment set. This estimate 
should not be interpreted as a universal mechanical fuel-saving rate, a binary sailing/non-sailing intervention effect, or a standardised 
effect, but as an original-unit conditional marginal estimate within the present single-vessel daily operational dataset. This inter
vention strategy, grounded in causal inference, not only overcomes the limitations of traditional correlation-based approaches but also 
offers a scientifically valid pathway for achieving more refined and effective energy efficiency management in the maritime sector.

Finally, this study proposes a structured intervention strategy for the systematic optimisation of SFC, grounded in the hierarchical 
analysis structure developed using the ISM method. The influencing factors are categorized into four distinct levels (L1 to L4), clearly 
revealing the full chain from foundational driving variables to mediating factors that ultimately influence SFC. In particular, the 
analysis identifies a key transmission pathway: Daily sailing hours (L1) influences Overall average speed (L2), which in turn affects 
Daily sailing distance (L3), ultimately impacting Main engine fuel consumption (L4). This cascade clarifies the transmission mecha
nism linking time, speed, and distance. The findings support a stepwise intervention framework for practical implementation, 
including 1) optimised sailing time through better port scheduling; 2) application of intelligent speed management systems to control 
voyage speed; and 3) reduction of sailing distance through advanced route planning and meteorological navigation. This structured 
approach enables precise and coordinated energy efficiency management, while also enhancing the economic and environmental 
performance of ship operations. Ultimately, it contributes to advancing the maritime industry toward low-carbon and sustainable 
development.

In summary, this study establishes a comprehensive theoretical framework that extends from correlation analysis to causal 
mechanism exploration by integrating ML within a robust causal inference. This offers a multi-dimensional and multi-level scientific 
foundation for the prediction and optimisation of SFC. This moves beyond the limitations of purely predictive “black-box” models by 
elucidating the underlying causal structure of the system, providing an insightful pathway to support the green and low-carbon 
transition of the shipping industry. These findings hold both theoretical value and practical significance.

6. Conclusions

This study develops a holistic analytical framework that integrates data fusion, feature selection, causal inference, and hierarchical 
analysis to investigate the key factors influencing SFC and their complex interrelationships. By combining ML and causal inference 
methods, the framework facilitates a systematic transition from statistical correlation to causal understanding, offering a robust sci
entific basis and decision-making support for improving energy efficiency and advancing the green, low-emission transformation of the 
shipping industry. The new findings of this study are summarised as follows:

First, this study finds that a core set of variables are the primary drivers of SFC, with temporal and operational parameters 
demonstrating the most significant predictive influence. The application of the TopoRankFS feature selection method identified a 
parsimonious set of variables from the high-dimensional fused dataset, thereby establishing an interpretable main-analysis feature 
subset for the subsequent causal analysis. However, this subset should not be interpreted as guaranteeing complete confounder 
preservation. Second, this study reveals the distinct causal hierarchy and quantitative impact of key operational parameters on SFC. 
The DirectLiNGAM algorithm identified a daily-scale directional-dependence network, upon which the DML-CF model estimated 
conditional ATEs under the retained observed-covariate set. The findings suggest that temporal exposure, represented by Daily sailing 
hours, shows the strongest expanded DAG-adjusted conditional effect estimate, while Daily sailing distance remains positive and 
stable. Main engine RPM retains a positive point estimate but exhibits greater uncertainty under temporal block-bootstrap resampling, 
and Ship course shows only a small conditional effect. This causal effect quantification provides a reliable, data-driven foundation for 
evaluating the energy-saving potential of different operational strategies while controlling for confounding variables. Finally, this 
study uncovers the structured, multi-level transmission mechanism through which foundational drivers ultimately affect SFC. By 
applying the ISM method to conduct a hierarchical decomposition of the causal network, this study reveals a clear topology of up
stream directional-dependence factors, intermediate mediators, and final responses. This structural analysis clarifies the recursive 
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relationships and transmission pathways within the system, highlighting the most effective prioritization and intervention points for 
multi-objective, multi-stage system optimisation in ship energy management.

The framework proposed in this study demonstrates substantial analytical value in the domain of ship energy efficiency and ex
hibits strong generalisability and scalability in its core concepts and methodological integration. These features make it applicable as a 
methodological reference for analysing multi-factor coupling mechanisms in other complex systems, such as transportation logistics 
and industrial energy consumption. Despite the notable advancements achieved, several limitations remain that warrant further 
investigation. On the one hand, the limited geographical scope and temporal coverage of the current dataset may constrain the 
generalisability of the model’s conclusions. In particular, the empirical analysis is based on repeated daily operational observations 
from a single bulk carrier. Although this single-vessel setting helps reduce fleet-level heterogeneity caused by differences in hull form, 
engine configuration, ship age, and management practice, temporal dependence among adjacent operational records may not be fully 
accounted for by the present modelling framework. Therefore, the inferred causal relationships should be interpreted as dominant 
daily-scale directional dependencies rather than high-frequency dynamic feedback mechanisms. On the other hand, although DML can 
reduce bias from observed confounders, two sources of residual uncertainty remain. First, feature selection based on predictive or 
topological relevance may remove variables with limited predictive contribution but potential confounding roles. Therefore, the 
retained 22-variable subset should not be interpreted as fully preserving all possible causal confounders, and the causal discovery and 
ATE estimation results should be understood as conditional on the retained observed covariates. Second, unobserved or coarsely 
documented operational states, such as hull fouling/surface roughness and trim/ballast condition, may simultaneously affect pro
pulsion settings and SFC, thereby introducing residual confounding. Future research could therefore focus on: (1) expanding data 
dimensions by incorporating a broader range of ship types, operational scenarios, multi-vessel longitudinal datasets, and extended 
time series; (2) exploring more robust nonlinear causal discovery techniques and dynamic causal modelling approaches, including 
lagged variable structures and temporal block-based validation strategies, to better capture the complexities and sequential depen
dence of ship operational dynamics; and (3) integrating additional maintenance/condition information, such as hull-cleaning or dry- 
docking records and trim/ballast monitoring data, or suitable proxies to further reduce the risk of unobserved and feature-selection- 
induced confounding.
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Appendix A:. Feature lists

Table A 
Features in each data source.

Data source Features Units

Ship noon report Daily sailing distance nmi
Total sailing distance nmi
Remaining distance to destination port nmi
Daily sailing hours hours
Total time hours
Freshwater t

(continued on next page)
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Table A (continued )

Data source Features Units

Climatic N.A.
Atmospheric temperature ◦C
Overall average speed knots
Daily average speed knots
Ship course degrees
Relative wind direction degrees
Atmospheric pressure hPa
Sea state N.A.
Main engine RPM r/min
Main engine fuel consumption t/day

AIS Longitude degrees
Latitude degrees
Draught m

ERA5 10 m wind speed m/s
Sea surface temperature at 2 m K
Surface roughness prediction m
Combined significant wave height (wind waves & swell) m
Wave-induced resistance coefficient N.A.
Mean swell period s
Mean wave period s
Significant swell wave height m
Significant wind wave height m
Relative wave direction angle degrees
Relative swell direction angle degrees
Relative wind wave direction angle degrees

GOPAF Total ocean current speed m/s
Total tidal speed m/s
Total wave speed m/s
Total surface water current speed m/s

Appendix B:. The selection processes of treatment variables

The primary objective of this appendix is to detail the rigorous, data-driven methodology employed for the principled selection of 
treatment variables, which serve as the focus of the causal inference analysis in the main body of this study. This selection process is 
predicated on identifying the operational factors with the most significant predictive influence on SFC. To achieve this robustly, a two- 
stage procedure was implemented. First, a comprehensive comparative analysis of various ML algorithms was conducted to establish 
the optimal, highest-fidelity prediction model for SFC. Second, leveraging the optimal model, a feature importance analysis using the 
SHapley Additive exPlanations (SHAP) framework was performed to quantitatively rank the contribution of each variable. This sys
tematic approach, underpinned by the robust theoretical guarantees of SHAP, ensures that the variables selected for causal analysis are 
grounded in empirical evidence of their predictive power.

In the first stage, this study constructs a comprehensive ML model framework for predicting SFC. A rigorous data partitioning 
strategy is employed, dividing the dataset into training and test sets at a ratio of 80% to 20%, respectively, to ensure objective and valid 
model evaluation (Feng et al., 2024). Prior to training, all feature variables are standardized using Z-score normalization to mitigate 
the effects of scale differences on model performance while enhancing algorithm convergence speed and numerical stability 
(Nkikabahizi et al., 2022). To comprehensively evaluate the performance of different algorithms for SFC prediction, nine well- 
established ML models were selected for comparative analysis: Linear Regression, Ridge, Lasso, ElasticNet, Support Vector Ma
chine, Random Forest, Gradient Boosting, Extra Trees, and XGBoost (Uyanık et al., 2020; Yan et al., 2020). These models span a broad 
spectrum of algorithmic complexity, ranging from simple linear to complex nonlinear approaches, enabling effective capture of the 
intricate relationships between SFC and its influencing factors. To ensure optimal performance of each model, five-fold cross validation 
combined with Bayesian optimisation was employed to systematically tune the hyperparameters (Garrido-Merchán et al., 2023). By 
constructing a probabilistic model of the parameter space, Bayesian optimisation efficiently identifies optimal hyperparameter 
combinations with fewer iterations, demonstrating greater computational efficiency than traditional grid and random search methods 
(Joy et al., 2020).

To systematically assess the performance of each candidate model, this study employs Taylor diagrams for multi-dimensional 
visualisation and comparison (Fig. B1). Taylor diagrams simultaneously present three key metrics: correlation coefficient, centred 
root mean square error, and standard deviation in a single chart, providing a visual measure of each model’s similarity to the observed 
data. This rigorous assessment is essential for identifying the model that most accurately captures the complex, non-linear relation
ships within the dataset, a critical prerequisite for conducting a reliable feature importance analysis.

The results in Fig. B1 clearly indicate that the Random Forest model (highlighted with red diamonds) achieves optimal performance 
across all key evaluation metrics. Its data points lie closest to the reference point representing a perfect model, demonstrating that it 
simultaneously satisfies three optimisation criteria: (1) the highest correlation between predicted and observed values; (2) the closest 
standard deviation to the observed data; and (3) the smallest centred root mean square error. In contrast, other models exhibit either 
lower correlation or greater discrepancies in variability compared to the observed data. This combination of strengths enables the 
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Random Forest model to significantly outperform all other candidates and justifies its selection as the high-fidelity base model for the 
subsequent SHAP analysis. 

Fig. B1. Taylor diagram: Model performance comparison.

In the second stage, this study employs the SHAP method to rigorously quantify the predictive importance of each feature. SHAP is 
an interpretable artificial intelligence technique grounded in game theory that assigns contribution values to each predictor by 
calculating the marginal effect of each feature across all possible feature combinations (Abdulrashid et al., 2024). This method pos
sesses a solid theoretical foundation and consistency guarantees, effectively quantifying both the magnitude and direction of each 
feature’s influence on the model output (Xie et al., 2024).

To implement this data-driven selection principle, the Random Forest algorithm, identified as the optimal prediction model, was 
first trained on the dataset. The SHAP method was then applied to this model to derive a global feature importance ranking. As shown 
in Fig. B2, the SHAP results clearly quantify the contribution of each variable to the prediction of SFC, indicating their relative in
fluence magnitudes. The variables exhibiting the highest SHAP values were consequently identified as strong candidate variables for 
the causal analysis, thereby providing the empirical foundation for the second selection criterion: significant predictive influence. The 
final selection of treatment variables, as detailed in Section 4, was then made by evaluating these candidates against the primary 
criterion of high controllability in practical shipping operations, ensuring the causal analysis is focused on factors that are both im
pactful and operationally relevant. 

W. Cao et al.                                                                                                                                                                                                            Transportation Research Part D 159 (2026) 105491 

21 



Fig. B2. SHAP global feature importance analysis for SFC model.

Appendix C:. Assumption diagnostics and stability checks for DirectLiNGAM

The purpose of the Appendix C is to provide a transparent assessment of the key assumptions underlying the DirectLiNGAM-based 
causal discovery stage. DirectLiNGAM relies on a linear non-Gaussian acyclic structural equation framework with mutually inde
pendent error terms (Shimizu et al., 2006; Shimizu et al., 2011). In the context of SFC analysis, these assumptions are strong because 
operational variables, weather conditions, voyage planning and vessel condition may be jointly determined. Therefore, this appendix 
does not aim to prove that all causal-identification assumptions are fully satisfied. Instead, it reports a set of assumption-diagnostic and 
stability checks to clarify the extent to which the analysis set comprising the 22 retained explanatory variables and the outcome 
variable, Main engine fuel consumption, i.e., 23 variables in total, is compatible with the use of DirectLiNGAM as a linear directional- 
dependence discovery tool.

Specifically, five groups of diagnostics were conducted. First, non-Gaussianity was examined using Shapiro-Wilk tests, Jarque-Bera 
tests, skewness and excess kurtosis (Chowdhury et al., 2022; Monter-Pozos and González-Estrada, 2024). Second, the acyclicity of the 
estimated directed graph was verified using directed-cycle detection and topological sorting. Third, the linearity approximation was 
assessed by comparing cross-validated structural-equation errors between linear regression and Random Forest regression for each 
node with retained parent variables. Fourth, the independent-error assumption was examined through pairwise Spearman dependence 
screening among the structural residuals. Finally, because the data consist of repeated daily observations from a single vessel, temporal 
residual dependence was assessed using Ljung-Box and Durbin-Watson diagnostics. In addition, bootstrap edge-frequency analysis was 
performed to evaluate the stability of the inferred edge directions under both independent and identically distributed (IID) resampling 
and temporal block resampling. 
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Fig. C1. Distributional diagnostics for the non-Gaussianity assumption of DirectLiNGAM. Note: All plotted variables are marked as “Non-Gaussian”, 
indicating that Gaussianity is rejected by at least one of the formal normality diagnostics reported in Table C1. The “Not rejected” category is 
retained in the legend only to clarify the classification criterion, although no variable falls into this category in the present dataset.

Fig. C1 visualises the skewness and excess kurtosis of the analysis variables, while Table C1 reports the corresponding Shapiro-Wilk 
and Jarque-Bera test results. The purpose of combining graphical and formal diagnostics is to avoid relying on a single normality test. 
As shown in Table C1, all 23 variables, including the 22 retained explanatory variables and the outcome variable, are identified as non- 
Gaussian by at least one formal test. Several operational variables, such as Daily sailing hours, Main engine fuel consumption and Daily 
sailing distance, also exhibit clear skewness, which is consistent with the bounded and regime-dependent nature of ship-operation 
records. These results provide empirical support for the distributional condition required by DirectLiNGAM. However, this finding 
should not be over-interpreted, because non-Gaussianity alone is not sufficient for causal identification. It only indicates that the 
retained variables contain distributional asymmetry and/or tail behaviour compatible with a LiNGAM-type modelling framework 
(Harada and Fujisawa, 2021).

Table C1 
Non-Gaussianity diagnostics for the retained variables.

Variables N Skewness Excess kurtosis Shapiro-Wilk p Jarque-Bera p Non-Gaussian

Daily sailing hours 479 − 1.200 − 0.490 8.19e-33 1.03e-26 Yes
Surface roughness prediction 479 1.147 − 0.402 3.39e-28 2.98e-24 Yes
Climatic 479 1.062 0.217 2.00e-23 1.72e-20 Yes
Significant wind wave height 479 1.011 0.014 3.76e-19 1.86e-18 Yes
Mean wave period 479 0.959 0.090 7.97e-17 1.06e-16 Yes
Draught 479 − 0.054 − 1.909 2.57e-27 1.43e-16 Yes
Main engine fuel consumption 479 − 0.887 − 0.382 5.19e-23 5.22e-15 Yes
Daily sailing distance 479 − 0.877 − 0.246 7.47e-19 2.59e-14 Yes
Combined significant wave height (wind waves & swell) 479 0.871 − 0.007 2.08e-15 6.84e-14 Yes
Wave-induced resistance coefficient 479 0.769 − 0.010 8.35e-13 5.64e-11 Yes
Total sailing distance 479 0.746 0.008 1.77e-12 2.29e-10 Yes
Total time 479 0.727 − 0.032 3.08e-12 6.93e-10 Yes
Total wave speed 479 0.725 − 0.018 2.92e-11 7.76e-10 Yes
Significant swell wave height 479 0.618 − 0.071 2.47e-10 2.24e-07 Yes

(continued on next page)
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Table C1 (continued )

Variables N Skewness Excess kurtosis Shapiro-Wilk p Jarque-Bera p Non-Gaussian

Relative swell direction angle 479 − 0.013 − 1.210 2.15e-11 4.53e-07 Yes
Main engine RPM 479 − 0.426 − 0.623 2.80e-23 1.50e-05 Yes
10 m wind speed 479 0.507 − 0.222 2.37e-07 2.15e-05 Yes
Ship course 479 0.086 − 0.939 2.53e-12 1.13e-04 Yes
Atmospheric temperature 479 − 0.349 − 0.640 1.50e-09 1.32e-04 Yes
Sea state 479 0.284 − 0.553 2.80e-21 1.86e-03 Yes
Mean swell period 479 0.209 − 0.274 2.54e-03 8.30e-02 Yes
Overall average speed 479 0.131 − 0.164 7.42e-07 3.85e-01 Yes
Daily average speed 479 − 0.089 − 0.249 4.23e-03 3.93e-01 Yes

After confirming the distributional compatibility of the retained variables, the next diagnostic step concerns whether the estimated 
graph satisfies the directed acyclic structure assumed by DirectLiNGAM. Table C2 summarises the acyclicity check. The estimated 
graph contains 23 nodes and 89 retained directed edges, and no directed cycle is detected. This indicates that the estimated structure 
satisfies the formal graph-theoretic requirement of a directed acyclic graph. Therefore, from a graph-theoretic perspective, the 
DirectLiNGAM output is suitable for subsequent hierarchical decomposition using ISM.

Table C2 
Acyclicity check for the DirectLiNGAM graph.

Diagnostic Result

Is directed acyclic graph True
Number of nodes 23
Number of retained edges 89
Directed cycle detected No

Although acyclicity is satisfied, the DirectLiNGAM framework also assumes linear structural equations (Harada and Fujisawa, 
2021). Therefore, Fig. C2 and Table C3 further examine whether the estimated parent–child relationships can be reasonably 
approximated by linear structural equations. Fig. C2 provides the overall comparison between linear regression and Random Forest 
regression, while Table C3 lists representative nodes with different degrees of non-linearity. If Random Forest substantially reduces 
RMSE relative to the linear model, this indicates that the corresponding node may contain non-linear structural behaviour. The 5% and 
15% thresholds in Fig. C2 are used as heuristic diagnostic cut-offs for screening potential non-linearity, rather than as formal statistical 
significance thresholds. 
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Fig. C2. Linearity-approximation diagnostics for DirectLiNGAM structural equations.

As shown in Table C3, most structural equations can be regarded as acceptable linear approximations, with only modest RMSE 
improvement when Random Forest is used. However, the structural equation for Combined significant wave height shows a 19.831% 
RMSE reduction, indicating relatively strong non-linearity. This result does not invalidate the use of DirectLiNGAM, but it requires 
caution in interpretation. Specifically, the DirectLiNGAM graph is best understood as a linear directional-dependence approximation 
among the retained observed variables, rather than as a complete non-linear physical model of SFC.

Table C3 
Linearity-approximation diagnostics for selected structural equations.

Node No. of parent 
variables

Cross-validated 
linear RMSE

Cross-validated 
RF RMSE

RF improvement over 
linear (%)

Diagnostic interpretation

Combined significant wave 
height (wind waves & 
swell)

4 0.087 0.070 19.831 Strong non-linearity; interpret 
DirectLiNGAM as exploratory

Wave-induced resistance 
coefficient

2 0.000 0.000 9.756 Moderate non-linearity

Overall average speed 9 0.904 0.847 6.298 Moderate non-linearity
Significant wind wave height 1 0.180 0.173 4.099 Linear approximation acceptable
Relative swell direction angle 5 83.064 79.791 3.940 Linear approximation acceptable
Surface roughness prediction 5 0.000 0.000 3.481 Linear approximation acceptable
Total sailing distance 3 101.697 99.840 1.826 Linear approximation acceptable
Daily sailing distance 2 17.460 17.183 1.591 Linear approximation acceptable
Total time 1 25.543 25.193 1.369 Linear approximation acceptable
Significant swell wave height 13 0.230 0.229 0.456 Linear approximation acceptable
Mean wave period 1 0.876 0.877 − 0.094 Linear approximation acceptable
Mean swell period 10 0.493 0.494 − 0.269 Linear approximation acceptable
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Note: The diagnostic categories are based on heuristic cut-offs: <5%, acceptable linear approximation; 5–15%, moderate non-linearity; and > 15%, 
strong non-linearity. These categories are used only to assess the plausibility of the linear approximation and should not be interpreted as formal 
statistical significance tests.

Based on the acyclicity and linearity-approximation checks above, Fig. C3 provides a diagnostic visualisation of the retained 
DirectLiNGAM directional-dependence network. Fig. C3 is not intended to provide a detailed interpretation of every individual edge, 
but to show the overall structure used for assumption checking and stability assessment. The graph retains a connected multi-factor 
structure, including operational variables, environmental variables, intermediate variables and the outcome variable. This indicates 
that the estimated graph is not a set of isolated pairwise relationships, but a system-level directional-dependence structure. Detailed 
interpretation of the main network structure is provided in Section 4.2, while Appendix C focuses on diagnostic validity and stability. 
However, a visually interpretable network does not necessarily imply that every edge is stable. Therefore, Fig. C4 and Table C4 further 
examine the robustness of edge directions under resampling. Fig. C4 visualises the bootstrap frequency of inferred edges, while 
Table C4 reports the most stable edges under both IID bootstrap and temporal block bootstrap resampling. In this context, temporal 
block bootstrap provides a more conservative diagnostic because it partially preserves local temporal dependence among adjacent 
daily observations (Chen et al., 2025). 

Fig. C3. Diagnostic visualisation of the DirectLiNGAM directional-dependence network.
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Fig. C4. Bootstrap stability of DirectLiNGAM edge directions.

The results in Fig. C4 and Table C4 show that several physically and operationally interpretable edges are highly stable. For 
example, Daily sailing hours → Daily sailing distance and Daily sailing hours → Main engine fuel consumption appear with a frequency 
of 1.000 under both resampling schemes. Environmental and wave-related links, such as Significant wind wave height → Wave- 
induced resistance coefficient and Mean wave period → Wave-induced resistance coefficient, also exhibit high stability. These stable 
links support the credibility of the main directional patterns used in the subsequent analysis. At the same time, edges with lower 
bootstrap frequencies are treated as exploratory and are not over-interpreted as definitive causal pathways.

Table C4 
Most stable DirectLiNGAM edges under IID and temporal block bootstrap resampling.

Cause Effect Block 
frequency

IID 
frequency

Mean 
frequency

Daily sailing hours Daily sailing distance 1.000 1.000 1.000
Daily sailing hours Main engine fuel consumption 1.000 1.000 1.000
Significant wind wave height Wave-induced resistance coefficient 1.000 0.990 0.995
Mean wave period Wave-induced resistance coefficient 1.000 0.990 0.995
Draught Relative swell direction angle 0.990 1.000 0.995

(continued on next page)
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Table C4 (continued )

Cause Effect Block 
frequency 

IID 
frequency 

Mean 
frequency

Significant wind wave height Combined significant wave height (wind waves & 
swell)

0.975 0.990 0.982

Mean wave period Significant wind wave height 0.965 0.985 0.975
Wave-induced resistance coefficient Total wave speed 0.965 0.980 0.972
Significant wind wave height Mean swell period 0.965 0.970 0.968
Draught Overall average speed 0.945 0.985 0.965
Daily average speed Daily sailing distance 0.950 0.970 0.960
Significant wind wave height 10 m wind speed 0.940 0.955 0.948
Atmospheric temperature Mean swell period 0.920 0.945 0.932
Significant swell wave height Mean swell period 0.920 0.945 0.932
Mean wave period Mean swell period 0.950 0.910 0.930
Combined significant wave height (wind waves & 

swell)
Mean swell period 0.910 0.940 0.925

Significant swell wave height Combined significant wave height (wind waves & 
swell)

0.925 0.915 0.920

Significant wind wave height Significant swell wave height 0.890 0.930 0.910
Overall average speed Daily average speed 0.890 0.920 0.905
Daily sailing hours Overall average speed 0.875 0.910 0.893

The previous diagnostics evaluate the distributional assumption, graph acyclicity, linear approximation and edge stability. The 
final group of diagnostics examines the residual-related assumptions, which are especially important for DirectLiNGAM (Shahbazinia 
et al., 2023). Fig. C5 reports the pairwise Spearman correlation matrix of the structural residuals. The heatmap indicates that most 
residual correlations are weak in magnitude, but the residual-independence assumption is not fully supported. In the pairwise 
screening, 53 residual pairs are significant at p < 0.05 before multiple-testing adjustment. This means that statistical dependence can 
be detected for some residual pairs even though the absolute residual correlations are generally small. This result does not invalidate 
the analysis, but it shows that the estimated graph should not be interpreted as a fully identified causal structure with mutually in
dependent errors. Rather, it should be understood as a data-driven approximation of dominant directional dependencies among 
retained observed variables.  
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Fig. C5. Pairwise dependence among DirectLiNGAM structural residuals.

Because the dataset consists of repeated daily observations from a single vessel, residual independence also needs to be examined 
from a temporal perspective. Fig. C6 presents the Ljung–Box temporal-dependence diagnostics for structural residuals at lags 1, 3, 7 
and 14, while Table C5 summarises the residual variables showing the strongest temporal dependence. In Fig. C6, the plotted value is 
− log10 (p-value), which is a transformed visualisation of the Ljung–Box test p-value rather than a separate significance statistic. 
Larger values indicate smaller Ljung–Box p-values and therefore stronger evidence of residual temporal dependence. For plotting 
purposes only, p-values smaller than 1 × 10⁻12 were truncated to 1 × 10⁻12 before transformation, so the maximum displayed value is 
12. This upper limit is a numerical visualisation cap and should not be interpreted as a statistical threshold. Temporal dependence was 
identified using the Ljung–Box p-value criterion of p < 0.05. The results show that temporal dependence remains in a considerable 
proportion of residual series. For example, Atmospheric temperature, Main engine RPM, Main engine fuel consumption, Draught and 
Sea state show temporal dependence across all tested lags. This pattern is consistent with the operational reality of ship data, where 
adjacent daily records may share persistent voyage-level, weather-related and vessel-condition characteristics. 
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Fig. C6. Temporal-dependence diagnostics for DirectLiNGAM structural residuals.

W. Cao et al.                                                                                                                                                                                                            Transportation Research Part D 159 (2026) 105491 

30 



Table C5 
Summary of temporal-dependence diagnostics for selected residual variables.

Residual variable Tests with temporal dependence Durbin-Watson Minimum Ljung-Box p

Atmospheric temperature 4 0.323 0.00e + 00
Main engine RPM 4 0.211 0.00e + 00
Main engine fuel consumption 4 1.086 5.78e-218
Draught 4 0.968 5.50e-77
Sea state 4 1.579 2.97e-43
Overall average speed 4 0.965 1.03e-38
Total time 4 1.298 1.06e-32
Daily sailing hours 4 2.643 1.44e-22
Total sailing distance 4 1.450 1.47e-10
Mean wave period 4 1.425 2.79e-10
Significant swell wave height 4 1.438 8.12e-10
Mean swell period 4 1.566 2.46e-07
Daily average speed 4 1.612 2.20e-05
Climatic 4 1.724 2.49e-04
Significant wind wave height 3 1.764 6.38e-03

Note: The Ljung–Box p-value is the p-value obtained from the Ljung–Box test for residual autocorrelation. It is the same type of p-value as that 
visualised in Fig. C6, where the values are transformed as − log10 (p-value) for graphical clarity.

Overall, Appendix C shows that the retained variables are strongly non-Gaussian and that the estimated graph satisfies the acy
clicity requirement. Several stable edges also show meaningful physical and operational consistency. However, the linearity, residual- 
independence and temporal-dependence diagnostics indicate that the DirectLiNGAM output should be interpreted as an exploratory 
linear directional-dependence structure conditional on the retained observed variables, rather than as conclusive evidence of full 
causal identification.

Appendix D:. Robustness and sensitivity diagnostics for DML-CF under graph-derived adjustment

The Appendix D reports robustness and sensitivity diagnostics for the DML-CF effect-estimation stage under the expanded DAG- 
derived adjustment specification. The expanded adjustment sets used here were formally derived from the DirectLiNGAM- 
estimated graph, as reported in Appendix E, rather than selected using the simplified direct-parent or parent-plus-domain rule. 
Therefore, the diagnostics in the Appendix D evaluate the stability of the revised DML-CF estimates after graph-based covariate 
adjustment. Three complementary checks are conducted: temporal block-bootstrap resampling, leave-one-covariate-out sensitivity 
analysis and permutation placebo testing. These diagnostics are particularly important because the present dataset consists of repeated 
daily observations from a single vessel, and because unobserved operational factors such as voyage planning, loading condition, hull 
condition, maintenance state and hull fouling may still affect both operational decisions and fuel consumption. Accordingly, the results 
are used to support a cautious interpretation of the DML-CF estimates as conditional effect estimates under the retained observed 
covariates, rather than as definitive causal effects under complete confounder control (Li et al., 2024b; Nachtigall et al., 2025).

The first robustness check concerns temporal dependence. Although the main DML-CF estimates are obtained after graph-derived 
covariate adjustment, the observations are repeated daily operational records from the same vessel and may therefore contain local 
temporal dependence. To address this issue, temporal block-bootstrap resampling was used to assess the uncertainty of the ATE es
timates. Compared with ordinary IID bootstrap resampling, temporal block-bootstrap resampling partially preserves local dependence 
by resampling consecutive blocks of observations, thereby providing a more conservative diagnostic for the repeated daily ship- 
operation dataset (Ma and Zhang, 2024). The corresponding temporal block-bootstrap distributions are reported in Fig. 4 in the 
main text, while Table D1 summarises the bootstrap statistics under the expanded DAG-derived adjustment specification.
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Table D1 
Temporal block-bootstrap robustness of DML-CF estimates under the expanded DAG-derived adjustment specification.

Treatment Adjustment specification Block 
size

Successful 
bootstrap runs

Bootstrap ATE 
mean

Bootstrap 
median

95% CI 
lower

95% CI 
upper

Std

Daily sailing 
hours

Expanded DAG-derived 
adjustment set

14 300 2.0596 2.0679 1.8723 2.2152 0.0835

Main engine 
RPM

Expanded DAG-derived 
adjustment set

14 300 0.2472 0.2332 − 0.2461 0.7936 0.2666

Daily sailing 
distance

Expanded DAG-derived 
adjustment set

14 300 0.0359 0.0346 0.0233 0.0514 0.0076

Ship course Expanded DAG-derived 
adjustment set

14 300 0.0017 0.0016 − 0.0003 0.0037 0.0010

Note: The estimates were obtained under the expanded DAG-derived adjustment specification. The confidence intervals were calculated from 
temporal block-bootstrap resampling with 300 successful runs. These intervals should be interpreted as uncertainty diagnostics for observed- 
covariate conditional effects, rather than as proof of complete causal identification.

As shown in Table D1 and Fig. 4, Daily sailing hours and Daily sailing distance remain positive with confidence intervals above zero 
under temporal block-bootstrap resampling. This indicates that the effects of time- and distance-related operational exposure variables 
are comparatively stable when local temporal dependence is partially retained. Daily sailing hours shows the largest and most stable 
positive conditional effect, with a temporal block-bootstrap mean of 2.0596 and a 95% confidence interval of [1.8723, 2.2152]. Daily 
sailing distance also remains positive and stable, with a temporal block-bootstrap mean of 0.0359 and a 95% confidence interval of 
[0.0233, 0.0514]. By contrast, Main engine RPM retains a positive mean estimate, but its confidence interval crosses zero, indicating 
greater uncertainty under the more conservative temporal resampling scheme. Ship course has a very small effect magnitude, and its 
confidence interval is close to zero. These findings support the main conclusion that sailing-time- and distance-related operational 
exposure variables provide more stable evidence for fuel-consumption management than propulsion-speed and heading-related 
variables under the expanded DAG-derived adjustment specification.

The second diagnostic evaluates whether the estimated treatment effects are sensitive to individual adjustment covariates. This 
check is necessary because the DML-CF estimates are conditional on the retained observed adjustment set, and ship-operational 
variables such as sailing time, sailing distance, speed and propulsion setting are mechanically and operationally coupled (Li et al., 
2024b). For each treatment variable, one adjustment covariate was removed at a time from the expanded DAG-derived adjustment 
set, and the DML-CF ATE was re-estimated. Fig. D1 visualises the relative change in ATE after removing individual covariates, while 
Table D2 reports the most influential removed covariates for each treatment variable.

The leave-one-covariate-out results reveal heterogeneous sensitivity across the four treatment variables. The estimate for Daily 
sailing hours is relatively stable, because removing Draught changes the ATE by only 4.01%. For Main engine RPM, the largest relative 
changes are caused by removing Daily sailing distance, Daily sailing hours and Ship course, indicating that propulsion-related effects 
are linked to broader operational-exposure and heading conditions. For Daily sailing distance, removing Daily sailing hours produces a 
substantial relative increase in the estimated ATE, while removing Daily average speed produces a large negative change. This finding 
is expected because sailing time, speed and distance jointly describe daily voyage execution and operational exposure. For Ship course, 
the largest relative changes are observed when Total time, Daily sailing hours or Draught are removed. However, these percentage 
changes should be interpreted cautiously because the baseline ATE of Ship course is very small. Overall, the sensitivity analysis re
inforces that the DML-CF estimates are conditional on the specified graph-derived observed-covariate set and should not be interpreted 
as universal intervention effects independent of adjustment specification.  
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Fig. D1. Leave-one-covariate-out sensitivity of DML-CF ATE estimates under the expanded DAG-derived adjustment specification. Note: Each bar 
reports the relative change in ATE after removing one adjustment covariate. Larger absolute values indicate stronger dependence of the estimated 
treatment effect on the corresponding covariate.
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Table D2 
Main leave-one-covariate-out sensitivity results under the expanded DAG-derived adjustment specification.

Treatment Removed covariate Base 
ATE

ATE after 
removal

Relative change 
(%)

Interpretation

Daily sailing hours Draught 2.0509 2.1332 4.01 Low sensitivity to the single adjustment covariate
Main engine RPM Daily sailing 

distance
0.2654 0.2444 − 7.89 Moderate sensitivity to distance-related operational 

exposure
Main engine RPM Daily sailing hours 0.2654 0.2833 6.73 Moderate sensitivity to sailing-time exposure
Main engine RPM Ship course 0.2654 0.2476 − 6.72 Moderate sensitivity to heading-related operation
Daily sailing 

distance
Daily sailing hours 0.0355 0.0880 148.17 High sensitivity, reflecting strong coupling with sailing-time 

exposure
Daily sailing 

distance
Daily average 
speed

0.0355 0.0207 − 41.60 High sensitivity to speed-related adjustment

Daily sailing 
distance

Total time 0.0355 0.0339 − 4.26 Limited sensitivity to cumulative time information

Ship course Total time 0.0017 0.0007 − 60.28 High relative sensitivity caused by small baseline effect 
magnitude

Ship course Daily sailing hours 0.0017 0.0025 52.64 High relative sensitivity caused by small baseline effect 
magnitude

Ship course Draught 0.0017 0.0011 − 31.48 High relative sensitivity caused by small baseline effect 
magnitude

Note: Relative change was calculated as 100 × (ATE after removal − base ATE) / base ATE. The sensitivity levels were classified using the absolute 
relative change: <5% as low or limited sensitivity, 5–15% as moderate sensitivity, and ≥ 15% as high relative sensitivity. These thresholds are 
heuristic diagnostic cut-offs rather than formal statistical significance criteria.

The third diagnostic evaluates whether the observed DML-CF estimates are distinguishable from effects generated by randomised 
treatment assignments. In each placebo test, the treatment variable was randomly permuted while the outcome and graph-derived 
adjustment covariates were kept unchanged. The DML-CF model was then re-estimated using the permuted treatment variable. 
This process was repeated 200 times for each treatment. If the observed ATE is clearly separated from the placebo distribution, this 
suggests that the estimated effect is unlikely to be produced by random treatment assignment alone. However, the placebo test does not 
rule out unobserved confounding, omitted operational states or all forms of temporal dependence. It should therefore be interpreted as 
a robustness diagnostic rather than as proof of complete causal identification. 

Fig. D2. Permutation placebo distributions of DML-CF ATE estimates under the expanded DAG-derived adjustment specification. Note: The vertical 
solid lines indicate the observed ATEs, while the shaded distributions represent placebo estimates obtained after randomly permuting each treat
ment variable.

As shown in Fig. D2 and Table D3, the placebo distributions are centred close to zero for all four treatment variables. The observed 
ATEs for Daily sailing hours, Main engine RPM and Daily sailing distance are clearly separated from their corresponding placebo 
intervals, with empirical two-sided p-values of 0.0050. This provides additional evidence that the estimated effects of these variables 
reflect structured relationships in the observed ship-operation data rather than random treatment-assignment artefacts. However, Ship 
course is not clearly distinguishable from its placebo distribution, with an empirical two-sided p-value of 0.1443. This result is 
consistent with the temporal block-bootstrap results, which show that the estimated effect of Ship course is small and close to zero. 
Therefore, Ship course should be interpreted as a contextual heading-related variable rather than as a dominant independent driver of 
fuel consumption.
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Table D3 
Permutation placebo diagnostics under the expanded DAG-derived adjustment specification.

Treatment Observed 
ATE

Placebo 
mean

Placebo 
2.5%

Placebo 
97.5%

Empirical two- 
sided p

Successful 
permutations

Interpretation

Daily sailing 
hours

2.0467 0.0096 − 0.1662 0.2381 0.0050 200 Observed estimate is clearly separated 
from the placebo distribution

Main engine 
RPM

0.2719 − 0.0003 − 0.1835 0.1707 0.0050 200 Observed estimate exceeds the placebo 
range, but temporal-bootstrap uncertainty 
remains

Daily sailing 
distance

0.0358 − 0.0001 − 0.0034 0.0027 0.0050 200 Observed estimate is clearly separated 
from randomised-treatment effects

Ship course 0.0017 − 0.0001 − 0.0023 0.0020 0.1443 200 Observed estimate is not clearly separated 
from the placebo distribution

Note: For each treatment variable, the treatment values were randomly permuted 200 times while keeping the outcome and graph-derived 
adjustment covariates unchanged. The empirical two-sided p-value measures the proportion of placebo estimates whose absolute magnitude is at 
least as large as the observed estimate.

Overall, the robustness diagnostics provide a more cautious and internally consistent interpretation of the DML-CF estimates under 
the expanded DAG-derived adjustment specification. The temporal block-bootstrap results indicate that Daily sailing hours and Daily 
sailing distance retain positive and stable conditional effects, whereas Main engine RPM and Ship course show greater uncertainty 
under temporal resampling. The leave-one-covariate-out analysis further shows that the Daily sailing hours estimate is relatively 
insensitive to its single adjustment covariate, while the Daily sailing distance estimate is sensitive to the removal of Daily sailing hours 
and Daily average speed, reflecting the strong operational coupling between sailing time, speed and distance. The placebo diagnostics 
show that the observed estimates for Daily sailing hours, Main engine RPM and Daily sailing distance are clearly separated from 
randomised-treatment benchmarks, whereas Ship course is not clearly distinguishable from its placebo distribution. Taken together, 
these results support the main conclusion that time- and distance-related operational exposure variables provide more stable evidence 
for fuel-consumption management than propulsion-speed and heading-related variables. At the same time, the results reinforce the 
need to interpret the DML-CF estimates as observed-covariate conditional effect estimates, rather than as definitive causal effects under 
complete confounder control.

Appendix E:. Graph-derived adjustment-set construction for DML-CF effect estimation

The Appendix E reports the graph-derived adjustment-set construction used for the DML-CF effect-estimation stage. The purpose is 
to address the concern that selecting the direct parent nodes of each treatment variable is not, in general, sufficient to satisfy the back- 
door criterion. A valid adjustment set must be derived from the graph structure by blocking non-causal back-door paths while avoiding 
adjustment for treatment descendants, pathway mediators and collider-related structures. Therefore, for each treatment variable, this 
study constructed the proper back-door graph from the DirectLiNGAM-estimated DAG, excluded forbidden nodes according to the 
generalised adjustment logic, and derived both a minimal DAG-derived adjustment set and an expanded robustness-oriented 
adjustment set.

Table E1 reports the resulting adjustment sets. Fig. E1 summarises the corresponding graph-screening diagnostics, including 
candidate ancestors, forbidden nodes, adjustment-set size and proper back-door graph construction. The expanded DAG-derived 
adjustment sets reported in Table E1 were subsequently used as the unified adjustment specification for the DML-CF robustness 
and sensitivity diagnostics reported in Appendix D. This separation avoids conflating adjustment-set construction with effect- 
estimation robustness: Appendix E explains how the adjustment sets were derived, while Appendix D evaluates the stability of 
DML-CF estimates under these graph-derived adjustment sets.
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Table E1 
DAG-derived adjustment sets for DML-CF effect estimation.

Treatment Outcome Minimal DAG-derived adjustment 
set

Expanded DAG-derived adjustment set used for robustness

Daily sailing 
hours

Main engine fuel 
consumption

None required after graphical 
pruning in the estimated DAG

Draught

Main engine 
RPM

Main engine fuel 
consumption

None required after graphical 
pruning in the estimated DAG

10 m wind speed; Atmospheric temperature; Daily average speed; Daily sailing 
distance; Daily sailing hours; Draught; Mean wave period; Overall average 
speed; Ship course; Significant wind wave height; Surface roughness 
prediction; Total sailing distance; Total time; Wave-induced resistance 
coefficient

Daily sailing 
distance

Main engine fuel 
consumption

Daily average speed; Daily sailing 
hours

10 m wind speed; Atmospheric temperature; Daily average speed; Daily sailing 
hours; Draught; Mean wave period; Overall average speed; Ship course; 
Significant wind wave height; Surface roughness prediction; Total time; Wave- 
induced resistance coefficient

Ship course Main engine fuel 
consumption

Atmospheric temperature; Daily 
sailing hours; Draught; Total time

10 m wind speed; Atmospheric temperature; Daily sailing hours; Draught; 
Mean wave period; Significant wind wave height; Surface roughness 
prediction; Total time; Wave-induced resistance coefficient

Note: The minimal adjustment set was obtained through graphical pruning and d-separation checking in the proper back-door graph derived from the 
DirectLiNGAM-estimated DAG. “None required” indicates that no additional observed covariate was required after graphical pruning in the estimated 
DAG. The expanded DAG-derived adjustment set was used as a conservative robustness specification by retaining theoretically relevant upstream 
operational and environmental covariates that were not forbidden by the graph-based adjustment procedure.

Fig. E1. Graphical diagnostics for DAG-derived adjustment-set construction.

The Fig. E1(a) reports the number of candidate ancestors and forbidden nodes considered for each treatment variable. Fig. E1(b) 
compares the sizes of the descendant-free, minimal and canonical constructive adjustment sets. Fig. E1(c) shows the number of 
treatment-outgoing edges removed when constructing the proper back-door graph and confirms whether descendant-free adjustment 

W. Cao et al.                                                                                                                                                                                                            Transportation Research Part D 159 (2026) 105491 

36 



sets were retained.
Overall, the graph-derived adjustment results indicate that the valid adjustment set is not equivalent to the direct parent nodes of 

each treatment variable. For Daily sailing hours and Main engine RPM, no additional observed covariate was required in the minimal 
DAG-derived adjustment set after graphical pruning, whereas the expanded robustness specification retained upstream operational- 
environmental covariates. For Daily sailing distance and Ship course, the minimal sets include operational and environmental 
covariates that block non-causal paths in the estimated DAG. These results directly address the limitation of the simplified direct- 
parent rule and provide the graph-derived adjustment basis for the DML-CF robustness diagnostics in Appendix D.

Data availability

Data will be made available on request. The source code is publicly available at: https://github.com/AdvMarTech/ship_fuel_ 
consum_causalinfer.
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